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Sudden death syndrome (SDS), caused by Fusarium virguliforme (Fv), is one of the 
major yield-limiting diseases of soybean in the Midwest. In the U.S., annual yield losses due to 
SDS have ranged between 0.6 to 1.9 million metric tons during the years from 2006 to 2014, and 
monetary losses of up to 6.75 billion dollars have been attributed to SDS for the period of 1996 
to 2016. Our understanding of the relationships between varying disease levels, pathogen 
density, and yield is still limited. The first objective in this study was to quantify the relationship 
between SDS disease intensity (both foliar and root rot), pathogen density (in roots and soil) and 
soybean yield (yield components and grain yield) at different spatial scales. Individual soybean 
plants (2018) and quadrats (2016-2018) were surveyed in commercial fields and experimental 
plots located in Iowa to monitor SDS and yield. In individual soybean plants, SDS foliar severity 
and root rot had a positive relationship with each other (0.1 < R2 < 0.53), and a negative 
relationship with soybean yield components (0.10 < R2 < 0.50). The relationship of 
Fv population in roots with foliar severity, root rot and yield components were inconsistent 
among locations. No significant relationship was observed between Fv populations in soil and 
any of the disease or yield measures in individual soybean plants. In soybean quadrats, however, 
SDS foliar intensity (severity and incidence) had a negative relationship with soybean yield (0.05 
< R2 < 0.46). Unlike individual plants, Fv population in soil in soybean quadrats had a positive 
relationship with foliar SDS intensity in soybean quadrats (0.20 < R2 < 0.42). 
Prior research suggests that time of SDS foliar symptom onset (DOY) influences disease 
progress and soybean yield. However, no quantitative information is available to date about these 
relationships. The second objective in this study was to assess and quantify the impact of DOY 
of SDS foliar symptom onset on final SDS intensity, soybean yield, and yield components. DOY 
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of SDS foliar symptom onset and progress of foliar SDS were recorded weekly on individual 
soybean plants (severity) and quadrats (incidence and severity). Beta regression analysis showed 
that DOY of SDS onset has a consistent and stable effect on final disease intensity, both at 
individual plant and quadrat levels. The slope of the relationship between time of SDS onset and 
final SDS severity was common across all field sites and years, except at one site. Weighted 
linear regression analysis revealed that SDS onset time explained 60 to 96% of the variation in 
number of pods, number of seeds and total seed weight in individual plants, and 88 to 97% of the 
variation in seed yield (kg/ha) in quadrats. Soybean yield damage functions (slopes) were 9.6 – 
31.3 kg/ha per day, indicating that for each day SDS onset was delayed, soybean yield increased 
by 9.6 – 31.3 kg/ha in soybean quadrats. 
Effective management for SDS requires early and accurate detection in soybean fields. 
However, current scouting methods for SDS are time-consuming, labor-intensive, and often 
destructive. The development of alternative methods to monitor SDS in soybean fields is 
necessary. The third objective of this study was to detect SDS using high-resolution (3 m) 
satellite imagery in large soybean plots. Quadrats were marked in a soybean field experiment 
with different rotation treatments, located in Boone, Iowa. Canopy reflectance in the red, blue, 
green, and near-infrared (NIR) spectral bands, a calculated normalized difference vegetation 
index (NDVI), and crop rotation information were used to detect healthy and SDS-infected 
quadrats. Satellite images collected during the 2016, 2017, and 2018 soybean growing seasons 
were analyzed using the Random Forest classification algorithm. Results indicate that spectral 
features, when combined with ground-based information, can predict SDS risk in soybean plots 
with high accuracy, even before foliar symptoms develop. Accuracy of classification of healthy 
viii 
and diseased soybean quadrats was > 74%, and area under the receiver operating characteristic 
curve (AUROC) was > 70% in the three growing seasons. 
Results from this study improve our understanding of the relationship between SDS, 
pathogen population and soybean yield, and how the time of SDS foliar symptom onset impact 
on final disease intensity and soybean yield. This information can be used when developing SDS 
risk and yield loss predictive models. Finally, our findings highlight that high-resolution satellite 
imagery may be useful for detecting SDS in soybean fields. Future research is needed to 
determine if this technology may facilitate large-scale monitoring of SDS, and possibly other 
economically important soybean diseases, to guide recommendations for site-specific 
management in current and future seasons. 
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CHAPTER 1.     
GENERAL INTRODUCTION 
Dissertation Organization 
This dissertation is organized into five chapters. The first chapter covers a brief 
introduction and review of literature on soybean sudden death syndrome (SDS) including its 
history, spread, biology and epidemiology and its management. This chapter also covers 
literature on soybean yield losses due to SDS and disease detection through remote sensing. The 
second chapter describes the relationship between SDS intensity, pathogen density and soybean 
yield at different spatial scales. The third chapter quantifies the impact of SDS foliar symptom 
onset time on final SDS intensity, soybean yield and yield components. The fourth chapter 
covers the SDS detection using high-resolution satellite imagery. The fifth i.e., the last chapter 
includes the summary and the general conclusion of the research presented in this dissertation.  
Literature Review 
Soybeans and sudden death syndrome (SDS) 
Soybeans are one of the most valuable crops worldwide for oilseed, livestock feed, and 
aquaculture (Food and Agricultural Policy Research Institute 2019). They are highly nutritious 
(Smith 1972), a good source of protein for the human diet, and an important feedstock for 
biodiesel production (da Silva César et al. 2019). In 2018, soybeans were cultivated on 125.69 
million hectares, which produced 362.08 million metric tons (USDA 2019). However, the 
current status of soybean is predisposed to a plethora of foliar, stem, and root diseases (Glen et 
al. 2015). Sudden death syndrome (SDS) of soybean, caused by Fusarium virguliforme (Fv) 
O’Donnell & T. Aoki (Aoki et al. 2003) is an economically important and prevalent soybean 
disease in the U.S. (Bandara et al. 2019; Hartman et al. 2015; Westphal et al. 2008; Wrather and 
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Koenning 2009) and a risk to many soybean-producing nations worldwide (Hartman et al. 2015; 
Navi and Yang 2016). 
Taxonomy 
The fungi causing SDS belong to the genus Fusarium. Initially, it was believed that SDS 
was caused by a morphological form of Fusarium solani (Roy et al. 1989; Rupe 1989). Genetic 
and morphological studies confirmed that SDS symptoms are caused by multiple, distinct 
Fusarium species. To date, six named and one un-named SDS-causing species have been 
identified within clade II of the Fusarium solani species complex (FSSC): F. virguliforme (Aoki 
et al. 2003), F. tucumaniae (Aoki et al. 2003), F. brasiliense (Aoki et al. 2005), F. cuneirostrum 
(Aoki et al. 2005), F. crassistipitatum (Aoki et al. 2012a), F. azukicola (Aoki et al. 2012b), and 
an unnamed species in South Africa (Tewoldemedhin et al. 2017). Many of these species were 
found in countries outside the U.S. So until recent surveys confirmed the presence of F. 
brasiliense and F. cuneirostrum in Michigan, it was thought that only F. virguliforme was 
present in the U.S. F. virguliforme remains the predominant SDS-causing species in the U.S. 
(Jacobs et al. 2018; Wang et al. 2019).  
History and geographical distribution of SDS 
H. J. Walters first reported SDS in Arkansas in 1971. The disease has been reported in 23 
U.S. states (Figure 1), including all of the primary soybean-producing states (Bernstein et al. 
2007; Kurle et al. 2003; Scherm and Yang 1999; Wrather and Koenning 2009; Yang and 
Lundeen 1997). The disease was noted but not of significant impact until 1982, when M. C. 
Hirrel observed that it had a severe impact on soybean yield in commercial fields. Hirrel named 
the disease “sudden death syndrome” because of the rapid progress of foliar symptoms (Hirrel 
1983). In the U.S., low moisture limits SDS distribution west of the Missouri River, and cold 
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stress limits disease development north of 43-44 degrees latitude (Scherm and Yang 1999). 
Outside of the U.S., SDS has been reported in Brazil (Nakajima et al. 1996), Canada (Anderson 
and Tenuta 1998), Paraguay (Yorinori 1999), Bolivia (Yorinori 2002), Argentina (Scandiani et 
al. 2004; Scandiani et al. 2003), Uruguay (Ploper et al. 2003) and recently in South Africa 
(Tewoldemedhin et al. 2014).  
 
Figure 1: Geographical distribution of soybean sudden death syndrome in the U.S. 
 
Biology, Epidemiology and Disease cycle 
Biology. Fusarium virguliforme grows slowly in artificial culture and is difficult to 
isolate from diseased plants. In pure culture, Fv produces blue spore masses that distinguish it 
from other Fusarium species. F. virguliforme produces macroconidia (formed by monophialides 
on branched or simple conidiophores) and chlamydospores (Melgar et al. 1994; Roy et al. 1997; 





(Roy et al. 1989; Rupe 1989) with an average size of 50-60 μm long and 5-5.5 μm wide. Thick-
walled chlamydospores develop in dry environments.  
Epidemiology and Disease cycle. Fusarium virguliforme overwinters in the soil and 
crop residues as macroconidia and chlamydospores (Figure 2) (Roy et al. 1997a). 
Chlamydospores can survive freezing, wide fluctuations in soil temperature and desiccation. As 
soybean germination starts after planting, chlamydospores near soybean roots are stimulated to 
germinate, infect soybean roots and cause root rot. Cool (15-17℃) and wet soil conditions favor 
root infection (Gao et al. 2006; Scherm and Yang 1996). The fungus produces phytotoxins that 
move upward in the plant and cause foliar symptoms (Brar et al. 2011; Pudake et al. 2013). 
Slightly warm temperatures (22-24℃) favor foliar symptom development (Scherm and Yang 
1996). Root and foliar symptoms can develop throughout the growing season (Roy et al. 1997). 
After soybean plant senescence, chlamydospores and macroconidia overwinter in soil, in crop 
residues and in the cysts of soybean cyst nematodes (SCN) (McLean and Lawrence 1995; Roy et 
al. 1997). F. virguliforme populations reach high densities on roots (about 1,500 CFU/g root)  
and soil at the time of harvest, remain moderately high from October through December, 




Figure 2: Disease cycle of sudden death syndrome caused by Fusarium virguliforme.  
 
Symptomatology 
Root symptoms.  
Infection of roots occurs in early soybean growth stages (Gao et al. 2006; Rupe and Gbur 
1995) and is favored by cold soil temperatures (Gongora-Canul and Leandro 2011; Scherm and 
Yang 1996). Plants infected by Fv develop root rot symptoms, which include dark brown to 
reddish discoloration of the taproot and poor root development (Hartman et al. 2015). Cortex 
discoloration can occur one to several nodes above the soil line, but stem pith remains white. 
Plants with severe foliar symptoms are easily pulled out of the soil, due to rotting of the taproot 
and lateral root structures. Soybean plants with Fv infections have reduced root volume and dry 
weight (Li et al. 2009). 
 












Late in the growing season, blue spore masses can be observed on taproots and lower 
stems, which is caused by masses of macroconidia (Roy 1997). Bluish sporulation can fade once 
the root surface dries. However, these spore masses are reliable diagnostic indicators of SDS. In 
controlled environment studies, root infections have been observed after 2.5 hours of initial 
exposure of seedling roots to Fv (Navi and Yang 2004), and taproot discoloration after three days 
of exposure (Huang and Hartman 1998). However, in field conditions, root infections can be 
observed as early as 18 days after planting (Gao et al. 2006).  
Foliar symptoms. In addition to causing root rot, Fv produces phytotoxins such as 
FvTox1 (Brar et al. 2011; Pudake et al. 2013), which are responsible for foliar symptoms (Navi 
and Yang 2008). Usually, foliar symptoms develop at reproductive stages in field conditions 
(Luo et al. 1999; Roy et al. 1997), but they can also be detected during vegetative growth stages 
(Gongora-Canul and Leandro 2008; Hartman et al. 1997; Luo et al. 2001; Luo et al. 2000; Luo et 
al. 1999; Navi and Yang 2008; Rupe and Gbur 1995). Foliar symptoms can be observed as 
interveinal chlorosis and necrosis, followed by premature defoliation and senescence (Roy et al. 
1997). Foliar symptom development begins with small circular scattered spots (mottling) on 
leaves (Li et al. 2000). The scattered spots then expand and turn chlorotic, which later merge to 
form large inter-veinal chlorotic and necrotic regions. Under severe disease conditions, leaflets 
can drop off; however, petioles remain attached with stems. Foliar disease symptoms develop 
rapidly on upper canopy leaves, causing upper canopy defoliation. Under severe disease 
condition, complete defoliation can also occur (Roy et al. 1997). Excessive soil moisture favors 
foliar symptom expression (Leandro et al. 2013; Scherm and Yang 1996). When field soil 
conditions are dry, it is possible for plants to be infected without showing visible foliar 
symptoms. 
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Dispersal of SDS 
Fusarium virguliforme disseminates through different mechanisms. Generally, soilborne 
fungal pathogens have shorter dispersal gradients as compared to air and seedborne pathogens 
(Esker et al. 2007). Therefore, spores produced by SDS pathogens may travel only short 
distances within a growing season. However, spores can spread over longer distances with 
flowing water and cultivation practices that move soil. Macroconidia can be dispersed through 
water runoff, can be rain-splashed, or can be air disseminated during soybean harvesting (Roy 
1997). An external infestation of seeds can also contribute to long-distance dissemination of Fv 
spores (Balardin et al. 2005; Melgar et al. 1994). The pathogen can also disperse through SCN 
cysts by soil movement with water or air (McLean and Lawrence 1993, 1995). Short distance 
dispersal such as from root to root on neighboring plants or by mycelial growth in bulk soil is 
also possible (Luo et al. 2001).  
Management 
SDS development is strongly influenced by numerous factors such as cultivar resistance, 
growth stage at infection time, and environmental conditions, including soil moisture and 
temperature (Gongora-Canul and Leandro 2011; Roy et al. 1997). Thus, an integrated disease 
management program must be designed to manage SDS than resorting to a single tactic. 
Currently available management options are planting resistant varieties, seed treatments, crop 
rotation, tillage, and planting dates. However, recent investigations conducted in different states 
did not find consistent effects of tillage and planting dates for SDS suppression.  
Resistant varieties. Resistance is the most effective management tactic for SDS and is 
highly desirable. Soybean resistance against SDS is complex and controlled by several 
quantitative trait loci (QTLs) (Chang et al. 1996; de Farias Neto et al. 2007; Hnetkovsky et al. 
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1996; Iqbal et al. 2001; Kazi et al. 2008; Luckew et al. 2013; Meksem et al. 1999; Njiti and 
Lightfoot 2006; Njiti et al. 2002; Njiti et al. 1998; Prabhu et al. 1999; Triwitayakorn et al. 2005; 
Yamanaka et al. 2006; Yuan et al. 2002). Each QTL can contribute to a distinct aspect of SDS-
development, such as root rot or foliar symptoms (Kazi et al. 2008; Luckew et al. 2013). Some 
SDS QTLs overlap with other QTLs known to be associated with resistance to other soybean 
diseases, hence understanding the full contribution of each QTL to SDS-specific resistance is 
challenging (Meksem et al. 1999; Srour et al. 2012; Swaminathan et al. 2018). SDS foliar 
symptom development is also influenced by environmental conditions (Roy et al. 1997), which 
makes it harder to find completely resistant varieties. Therefore, the development of SDS-
resistant varieties is a time-consuming endeavor. Soybean varieties with moderate-to-high levels 
of resistance to SDS are available (Njiti et al. 2002) and should be preferred in environments 
with high SDS risk. SDS resistant cultivars have consistently demonstrated lower SDS levels 
under field conditions (Hartman et al. 1997; Hershman et al. 1990; Sanogo et al. 2001; Stephens 
et al. 1993; Vick et al. 2006). Findings from recent studies conducted in multiple states suggest 
that planting cultivars with resistance to both SDS and SCN, when combined with seed 
treatments, can provide effective SDS management (Kandel et al. 2019; Kandel et al. 2017; 
Kandel et al. 2016b; Kandel et al. 2016a).  
Seed treatment. The application of seed treatments to manage SDS has been the source of 
increasing interest among agrochemical companies and soybean researchers. No effective 
chemical seed treatment was commercially available (Chilvers et al. 2012; Weems 2011; Weems 
et al. 2015) until 2014 when Bayer Crop Science released ILeVO®, a chemical product that has 
activity against SDS. The active ingredient of ILeVO® is fluopyram, which has demonstrated 
consistent results in decreasing SDS and improving soybean yield in field experiments (Kandel 
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et al. 2019; Kandel et al. 2018; Kandel et al. 2017; Kandel et al. 2016b; Kandel et al. 2016a). 
Meta-analysis of data collected in more than 200 field experiments conducted in 12 U.S. states 
and Ontario, Canada revealed that fluopyram application improves the probability (>80%) of 
yield gain, in high-SDS conditions, at any cost–price combinations tested (Kandel et al. 2018b). 
Effective SDS suppression and positive yield responses suggest that fluopyram seed treatment is 
a reliable chemical tool for managing SDS in fields with high SDS risk.  
Crop rotation. Midwestern soybean growers follow a soybean-corn rotation to improve 
crop yields (Pedersen and Lauer 2004). However, soybean rotation with corn is not effective 
against SDS because corn residues can harbor the SDS pathogen in soil (Navi and Yang 2016b), 
and because SDS epidemics have occurred in fields even after a few years of continuous corn 
cultivation. Because SDS pathogen form chlamydospores, which can tolerate extreme 
environments and survive in the soil for many years, researchers have not found any benefit to 
disease suppression (Perez-Brandan et al. 2013; Xing and Westphal 2009). However, rotations 
with crops other than corn may reduce Fv population densities in soil (Rupe et al. 1997). Recent 
findings from a long term soybean-corn rotation study suggested that 3-year (corn, soybean, oat 
+ red clover) and 4-year (corn, soybean, oat + alfalfa, alfalfa) soybean rotation can suppress SDS 
and improve soybean yield as compared to 2-year (corn, soybean) rotation plots (Leandro et al. 
2018). Rotating soybean with other crops may reduce the inoculum of SDS and other potential 
soybean pathogens in the soil. However, care must be taken when selecting crops for long term 
rotations to suppress SDS because the pathogen has been shown to colonize at least 15 other crop 
and weed species, including dry bean, pinto bean, navy bean, alfalfa, red clover, sugar beet, pea, 
canola, and wheat (Kolander et al. 2012).  
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Tillage. Increased SDS severity has been associated with compacted soil because poor 
drainage can provide excessive moisture for SDS development during rainy seasons. Deep tillage 
improves soil drainage and promotes earlier warming of soils, which in turn, may reduce SDS 
severity. However, inconsistent results have been reported for tillage when managing SDS. In 
some soils, tillage can be beneficial in reducing SDS severity as compared to no-tillage (Vick et 
al. 2003; Wrather et al. 1995) while in some soils, tillage may enhance root infection (Vick et al. 
2006). A recent long term study also reports no effect of tillage on SDS and soybean yield 
(Kandel et al. 2019a).  
Planting Date. Some earlier studies reported that severe SDS is associated with early 
planting such as early or mid-May plantings (De Bruin and Pedersen 2008; Hershman et al. 
1990; Wrather et al. 1995) because cold and wet soils (Gongora-Canul and Leandro 2011; 
Scherm and Yang 1996; Scherm et al. 1998) predispose young soybean plants to infection by the 
SDS pathogen. Late planting, on the other hand, may allow the soil to be drier and warmer, 
which is unfavorable for Fv germination and hence may reduce SDS development. However, 
findings from a recent, multiple-state study suggest that delayed planting has an inconsistent 
effect on SDS, and that Midwestern soybean growers do not have to delay planting to prevent 
yield loss due to SDS (Kandel et al. 2016a).  
Yield losses and economic impact caused by SDS 
Plant pathogens potentially reduce crop yield and quality, which results in substantial 
economic losses and reduce food security (Savary et al. 2012; Savary et al. 2019). Sudden death 
syndrome is among the top ten diseases that cause substantial yield losses in soybean, ranking 
between the second and fifth place from 1996 to 2007 in soybean-producing states including 
Arkansas, Illinois, Indiana, Iowa, Missouri, and Tennessee (Wrather and Koenning 2006; 
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Wrather and Koenning 2009). Estimates of annual yield losses in the U.S. due to SDS have 
ranged between 0.6 to 1.9 million metric tons during the years from 2006 to 2014 (Allen et al. 
2017), accounting for 200 to 750 million dollars in monetary losses (Navi and Yang 2016a). In a 
recent study, Bandara et al. (2019) estimated that SDS had caused a loss of 6.75 billion dollars in 
the U.S. from 1996 to 2016.  
Soybean fields with high yield potential typically carry high SDS risk, and under high 
SDS incidence, infected areas can suffer severe to total yield loss (Hirrel 1986;  Rupe 1989). The 
range of SDS caused yield losses depends on the foliar severity, plant developmental stage at 
foliar symptom expression and environmental conditions (Roy et al. 1997a). In one multi-year 
study, SDS foliar incidence and severity explained 50 to 87% and 30 to 70% of the variation in 
soybean yield, respectively (Leandro et al. 2018). Luo et al. (2000) reported a yield reduction of 
18 to 29 kg/ha per one-unit increase in foliar disease index. Per unit increase in SDS incidence 
and severity can result in a soybean yield reduction of 7 to 34 kg/ha (Gibson et al. 1994), and 12 
to 22% overall yield reduction (Njiti et al. 1994) respectively. A study conducted in Illinois 
reported that within-field sites with severe SDS had 46% lower soybean yields than locations 
with mild SDS symptoms (Hartman et al. 1995). Similarly, Brzostowski et al. (2014) reported 
that, under high-SDS conditions, susceptible soybean genotypes had 36% lower soybean yields 
than did partially resistant genotypes (Brzostowski et al. 2014). However, yield losses due to 
SDS are often complex and difficult to demonstrate experimentally because of the 
interrelationship between SDS, moisture extent, and yield levels (Roy et al. 1997a). 
On individual soybean plants, SDS can cause up to 100% yield loss depending on the age 
of the plant at foliar symptom onset, disease severity, cultivar resistance status, cultural practices, 
and environmental conditions (Hartman et al. 2015a; Hartman et al. 1995; Roy et al. 1997a; 
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Rupe et al. 1991; Wrather et al. 1995). Severe SDS during early reproductive stages significantly 
affects soybean yield by affecting primary yield components (Board and Kahlon 2011) such as 
pods per plant, number of seeds and seed weight per plant (Hartman et al. 1995; Luo et al. 2000; 
Njiti et al. 1998; Roy et al. 1997a). At early reproductive stages, SDS causes flower and pod 
abortion resulting in fewer pods and fewer seeds per plant (Hartman et al. 1995; Hartman et al. 
1999; Luo et al. 2000; Njiti et al. 1998; Roy et al. 1989; Roy et al. 1997a). However, infections 
during pod-filling stages reduce yield by reducing seed size or the number of seeds (Hartman et 
al. 2015b; Hershman et al. 1990; Rupe et al. 1999).  
SDS detection through remote sensing 
Early detection of plant diseases always remains a challenge in plant pathology and plant 
disease management. Early detection of plant diseases facilitates implementation of management 
tactics that are effective both in terms of economics and the environment (Martinelli et al. 2015). 
Early detection of plant diseases can guide site-specific and targeted disease management tactics 
for sustainable crop production. This can ultimately decrease economic expenses and ecological 
impacts in sustainable agro-production systems (Gebbers and Adamchuk 2010).  
Detecting SDS is challenging at foliar symptom onset or under mild to moderate 
infection levels (Bajwa et al. 2017); hence, it demands regular intensive crop scouting. 
Monitoring of SDS mainly depends on regular visual inspections in the field, which are 
painstaking, tedious, and mostly require destructive sampling. SDS tends to occur in patches 
across soybean fields, which necessitates the development of a convenient method to monitor 
and quantify the disease in the field.  
Remote sensing, the science of data acquisition from plants without physical contact and 
invasive sampling (Mahlein 2016), is an alternative method that can be used to detect anomalies 
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in plant canopies beforehand (Figure 3). Over the last few decades, remote sensing has proven to 
be a practical, noninvasive tool for monitoring crop growth and assessing plant health (Barton 
2012; Mahlein 2016). Remote sensing assessments are more objective and have demonstrated 
higher reliability and repeatability as compared to visual assessment (Guan and Nutter Jr 2003).  
The biotic stresses caused by plant pathogens result in several structural and biochemical 
changes in plant canopies (Nutter and Gaunt 1996; Nutter Jr 1990). Due to these changes, 
healthy and diseased plant canopies absorb and reflect incident sunlight differently (Jacquemoud 
and Ustin 2001; Zwiggelaar 1998). These changes in the reflectance spectrum serve as key 
spectral signatures (Nilsson 1995; West et al. 2003) and can be robustly detected through remote 
sensing in the visible (wavelength ~400-700 nm) and near-infrared (NIR, ~700-1200 nm) regions 
(Barton 2012; Mahlein 2016; Martinelli et al. 2015; Mulla 2013). These changes can be 
diagnostic for particular pathogens or types of pathogens and may be exhibited before visible 
symptoms are apparent. In broad terms, a healthy plant (or plant canopy) is characterized by low 
reflectance in the visible region (i.e., a low percentage of incident radiation is reflected from the 
plant canopy), and high reflectance in the NIR region. Within the visible region, there is 
relatively high reflectance in the green region, but low reflectance in the blue and red regions of 
the spectrum. Therefore, plants appear green. 
In addition to examining reflectance bands in the visible and NIR regions, scientists have 
also identified several vegetation indices (VIs) such as the normalized difference vegetation 
index (NDVI). These VIs are based on specific wavebands in the visible and NIR regions of the 
light spectrum. These VIs serve as spectral signatures for physiological and biochemical 
processes in plant canopy (Thenkabail et al. 2000) and, in controlled studies, can detect the 
effects of pathogen infection even before visible symptoms are apparent. Incorporating VIs in 
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analyses can improve automated disease detection (Bajwa et al. 2017; Herrmann et al. 2018; 
Rumpf et al. 2010; Zheng et al. 2018). Remote sensing can be a valuable tool for the rapid and 
early detection of plant diseases (Mahlein et al. 2012; Martinelli et al. 2015).  
Recently, successful investigations have been made for the early detection of SDS at 
different sampling scales. SDS has been detected in leaves (Bajwa et al. 2017; Herrmann et al. 
2018) and soybean plant canopies (Hatton et al. 2018; Herrmann et al. 2018) using handheld, 
tractor mounted and unmanned aerial vehicle (UAV) mounted remote sensing tools respectively. 
In these studies, researchers were able to detect SDS with substantial accuracy. There is a 
growing interest in using high-resolution multispectral satellite images to monitor crop diseases 
(Yuan et al. 2016; Yuan et al. 2014; Zheng et al. 2018). However, high-resolution multispectral 
satellite imagery has not been explored for early detection of SDS at larger scales.  
 
Figure 3: The mechanism of remote sensing. Sunlight strikes on plants and plants absorb light in 
the blue and red regions of the visible light spectrum. However, light in the green region is 
partially reflected, and NIR is fully reflected. The sensors mounted on satellites or other 




Sudden death syndrome (SDS) is an economically significant soybean disease which is 
responsible for substantial annual yield losses (Bandara et al. 2019; Navi and Yang 2016a). The 
disease is prevalent in 23 U.S. states, especially the mid-western soybean cultivating states (Navi 
and Yang 2016a). Current management options include planting resistant varieties (Hartman et 
al. 1997; Hershman et al. 1990; Sanogo et al. 2001; Stephens et al. 1993; Vick et al. 2006) and 
using seed treatments (Kandel et al. 2019b; Kandel et al. 2018a; Kandel et al. 2017; Kandel et al. 
2016b; Kandel et al. 2016a). Alternative disease management practices such as crop rotation 
(Leandro et al. 2018) and delayed planting (De Bruin and Pedersen 2008; Hershman et al. 1990; 
Wrather et al. 1995) to delay SDS foliar symptom expression in high-risk years are also 
recommended. However, recent studies do not further support delayed planting because of 
inconsistent effectiveness (Kandel et al. 2016a). None of these practices are completely effective 
against the disease, and soybean growers continue to suffer substantial yield losses due to SDS. 
SDS causes yield loss by affecting soybean yield components, the primary drivers of 
soybean yield. Host growth stage at the time of disease onset, overall disease intensity (severity 
and incidence), and environmental factors that influence overall disease progress and crop yield 
influence SDS-induced yield losses. Only a few field-based studies have been conducted to study 
the impact of SDS on soybean yield where researchers have used different disease and yield 
parameters to quantify the impact of SDS on soybean yield (Hartman et al. 1995; Luo et al. 
2000). The use of different parameters in different studies has provided inconsistent information 
that impedes comparison of results across studies. Therefore, our understanding of the 
relationship between soybean yield and SDS disease levels remains limited, and it is difficult for 
researchers and growers to predict field crop losses accurately. 
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Yield loss information is of critical importance when making optimal and cost-effective 
disease management decisions (Madden et al. 2007; Nutter 2007). Yield loss information is 
needed to facilitate efficient and sustainable allocation of management resources, make yield 
predictions for a given location or region, determine the economic importance of diseases to 
prioritize research budgets, and assess the economic benefits of potential disease management 
practices and policy-making (Cooke 2006; Madden et al. 2007; McKirdy et al. 2002; Nutter 
2007; Redinbaugh et al. 2010). 
To date, no studies have been conducted at different spatial scales to determine the 
relationship between different disease and yield levels. Studies conducted at different spatial 
scales can provide a better understanding of how SDS impacts soybean yield and can are needed 
to estimate yield loss and economic impact due to SDS. Thus, such studies can help to visualize 
a real picture of the yield loss story. For instance, studies conducted at the plant scale can 
provide information about yield components which are strongly influenced by SDS and essential 
knowledge of how SDS-induced foliar symptoms and root rot reduce yield. Similarly, studies 
conducted at a quadrat or microplot scale can quantify variability in disease intensity and yield 
within areas bigger than a single plant. Patch and field-scale studies may provide information to 
help growers identify zones in fields for the application of economically feasible management 
tools. The relationships between pathogen population densities in soil and roots to subsequent 
development of foliar SDS, root rot and yield are also poorly understood. This information can 
improve our understanding of SDS epidemics and resultant yield losses. Hence, there is a need 
for a comprehensive study to better understand relationships between SDS intensity, pathogen 
density and soybean yield. 
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Prior research postulates that the time of SDS foliar symptom onset influences disease 
progress and soybean yield. At present, researchers lack a firm understanding of the impact of 
SDS foliar symptom onset time on final SDS intensity and soybean yield and yield components. 
Because of this, several key questions remain unanswered, i.e., how does SDS foliar symptom 
onset time impact final disease intensity and soybean yield? If growers can delay SDS onset, 
how much yield can they save by reducing yield loss? 
Time of infection is a primary determinant and function of crop yield (Madden et al. 
2000; Matthews 1981), especially with soilborne and systemic diseases. Therefore, it can be an 
important parameter to predict soybean yield in commercial fields. Quantitative knowledge 
concerning the time of SDS foliar symptom onset and its impact on final disease severity and 
soybean yield can help growers predict final disease levels and anticipate yield losses, and, in 
turn, support cost-effective disease management decisions (Madden et al. 2007; Nutter 2007). 
This information can help breeders in developing resistant varieties that can delay SDS foliar 
symptom expression to maximize soybean yield production. 
Given the economic importance of soybeans in the region, it is necessary that strategies 
should be developed to maximize soybean yield by reducing yield losses due to diseases. 
However, minimizing disease-led yield losses requires a better understanding of the relationship 
between SDS and soybean yield which can help researchers to devise technologies to improve 
the efficiency of soybean production for optimal yields at the lowest input costs possible. 
When quantification of the impact of SDS foliar symptom onset time on soybean yield is 
important, then, detecting SDS earlier in the season is also vital. However, SDS is challenging to 
detect at the time of onset (Bajwa et al. 2017) and demands regular intensive crop scouting. 
Monitoring of SDS depends on visual inspections in the field, which is time-consuming, labor-
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intensive, and often require destructive sampling. The patchy nature of SDS in soybean fields 
makes field surveillance even more challenging. Therefore, a convenient and effective method to 
detect and quantify SDS in the field is needed. 
Remote sensing can help detect SDS and assess its impact on soybean yield in a non-
invasive manner (Barton 2012; Mahlein 2016) because of the potential to detect stress-triggered 
changes in the pattern of light emission from plant canopies (Chaerle and Van Der Straeten 
2000). In recent years, successful investigations have been made to detect SDS early in the 
season (Bajwa et al. 2017; Hatton et al. 2018; Herrmann et al. 2018) using different remote 
sensing tools which are however expensive, operationally complex, require a hefty investment 
both in time and capital for operators. 
High-resolution multispectral satellite imagery, on the other hand, has not yet been 
explored for the early and accurate detection of SDS at a larger scale. Satellite imagery, in 
comparison with ground-based and aerial remote sensing platform, covers a wide area under 
cultivation, provides frequent revisit time, possesses spatial information, and is convenient to 
process.  The costs of acquiring satellite images vary greatly, depending on the provider, product, 
and buyer position (research vs. commercial entity). There has been a growing interest in using 
high-resolution multispectral satellite images to monitor crop diseases (Yuan et al. 2016; Yuan et 
al. 2014; Zheng et al. 2018). 
Early detection of plant diseases and their mapping at a larger scale provides useful 
information to support grower’s decision for site-specific management applications in precision 
agriculture settings. Targeted application of disease management tactics, especially non-chemical 
options, can reduce chemical seed treatment applications and decrease the economic expense and 
ecological impact in soybean production systems. Early detection of SDS may also offer new 
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opportunities for the development of novel, sustainable, and environment-friendly means to cure 
this disease at early stages. 
Research Objectives 
Based on the above knowledge gaps, the objectives of this research were: 
1. To quantify the relationships between disease intensity, pathogen density, and soybean 
yield at different spatial scales. 
2. To quantify the impacts of SDS foliar symptom onset time on final disease intensity, 
soybean yield, and yield components 
3. To detect SDS using high-resolution satellite imagery.  
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CHAPTER 2.     
 
QUANTIFYING THE RELATIONSHIP BETWEEN SOYBEAN SUDDEN DEATH 
SYNDROME, PATHOGEN DENSITY AND YIELD AT DIFFERENT SPATIAL SCALES 
Raza, M. M, Nutter, F. W., Jr., and L. F. Leandro 
Department of Plant Pathology and Microbiology, Iowa State University, Ames 50011. 
Abstract 
Sudden death syndrome (SDS), caused by Fusarium virguliforme (Fv), is one of the 
major yield-limiting diseases of soybean in grower fields. However, the relationship between 
disease levels, pathogen density, and yield is poorly understood, making it difficult to accurately 
predict disease risk and crop loss. The objective of this study was to quantify the relationship 
between SDS disease intensity, pathogen density and soybean yield at different spatial scales. 
SDS foliar intensity (severity and incidence), pathogen population (in roots and soil), yield and 
yield components were assessed on individual soybean plants (2018) and quadrats (2016-2018), 
in commercial fields and in experimental plots located in Iowa, USA. In individual soybean 
plants, SDS foliar severity and root rot were positively associated with each other (0.1 < R2 < 
0.53) and negatively associated with soybean yield components (0.10 < R2 < 0.50). In quadrats, 
SDS foliar symptoms had a negative relationship with soybean yield (0.05 < R2 < 0.46). At plant 
level, Fv population density in roots had an inconsistent relationship with foliar severity, root rot 
and yield components, and Fv population in soil had no significant relationship with any disease 
or yield measures. However, Fv populations in soil were positively related to foliar SDS intensity 
in quadrats (0.20 < R2 < 0.42). This study expands current knowledge on the relationship 
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between SDS intensity, pathogen density and soybean yield, which is an essential precursor for 
developing SDS risk and yield loss predictive models.   
Introduction 
Sudden death syndrome (SDS) is an economically important soybean disease in the 
Americas and worldwide (Bandara et al. 2019; Hartman et al. 2015a; Navi and Yang 2016; 
Westphal et al. 2008). In North America, the pathogen that causes SDS is the fungus Fusarium 
virguliforme (Fv) O’Donnell & T. Aoki (Aoki et al. 2003). The pathogen overwinters in soil and 
crop residues, and produces microconidia, macroconidia and chlamydospores (Aoki et al. 2003) 
that germinate into mycelia and release cell-wall degrading enzymes after interacting with 
soybean roots (Chang et al. 2016). Root infection can occur in early soybean growth stages (Gao 
et al. 2006; Rupe and Gbur 1995), and results in poor root development and root rot (Hartman et 
al. 2015b). 
Foliar symptoms of SDS develop as interveinal chlorosis and necrosis, followed by 
premature defoliation under severe disease conditions (Hartman et al. 2015b; Roy et al. 1997). 
Foliar symptoms usually begin to appear when plants reach reproductive stages (Roy et al. 
1997). Symptom development also depends on the soil environment (Leandro et al. 2013; 
Scherm and Yang 1996), planting date (Hershman et al. 1990; Kandel et al. 2016a), and cultivar 
susceptibility (Rupe et al. 1991). Cool soil temperature and high soil moisture early in the season 
favors root infections and increases the likelihood of early onset and high severity of foliar 
symptoms (Gongora-Canul and Leandro 2011; Leandro et al. 2013; Roy et al. 1997; Scherm and 
Yang 1996). After infection, the pathogen can live in the plant without noticeable symptoms, 
although early-season foliar symptoms are occasionally observed (Kandel et al. 2016a). The 
fungus resides in roots and secretes phytotoxins (Brar et al. 2011; Pudake et al. 2013) that move 
33 
from the roots to the shoots in the plant’s vascular system and damage leaves (Hartman et al. 
2015a). Under disease favorable conditions, foliar symptoms can progress quickly (Gongora-
Canul and Leandro 2011; Leandro et al. 2013; Scherm and Yang 1996). 
Current SDS management options rely on planting resistant varieties (Hartman et al. 
1997; Hershman et al. 1990; Sanogo et al. 2001; Stephens et al. 1993; Vick et al. 2006) and using 
seed treatments (Kandel et al. 2019; Kandel et al. 2018; Kandel et al. 2017; Kandel et al. 2016b; 
Kandel et al. 2016a). Cultural practices such as crop rotation (Leandro et al. 2018) and delayed 
planting (De Bruin and Pedersen 2008; Hershman et al. 1990; Wrather et al. 1995) may also 
delay SDS foliar symptom development in high-risk years. However, delayed planting is not 
recommended as a management practice because of inconsistent effectiveness (Kandel et al. 
2016a). Moreover, none of these practices is entirely effective against the disease, and farmers 
continue to suffer substantial yield losses due to SDS. 
Annual SDS-incited soybean yield losses in the US have ranged between 0.6 to 1.9 
million metric tons during 2006 to 2014 (Allen et al. 2017). SDS was also reported to cause a 
total of $6.75 billion in losses from 1996 to 2016 (Bandara et al. 2019). Soybean fields with high 
SDS incidence can suffer substantial yield loss (Gibson et al. 1994; Hartman et al. 1995; Leandro 
et al. 2018; Luo et al. 2000; Njiti et al. 1994; Roth et al. 2019). On individual soybean plants, 
SDS can cause up to 100% yield loss depending on the age of the plant when foliar symptoms 
develop, disease severity, cultivar susceptibility, and environmental conditions (Hartman et al. 
2015a; Hartman et al. 1995; Roy et al. 1997; Rupe et al. 1991; Wrather et al. 1995). Yield 
components, including number of pods per plant, number of seeds per plant, seed weight per 
plant (g) and seed size (g per seed), are the main constituents of soybean yield (Board and 
Kahlon 2011). The components of yield affected by SDS are in part determined by the timing of 
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disease onset. For example, SDS causes flower and pod abortion if it appears at early 
reproductive stages, hindering pod formation and reducing the number of seeds per plant 
(Hartman et al. 1995; Hartman et al. 1999; Luo et al. 2000; Njiti et al. 1998; Roy et al. 1989; Roy 
et al. 1997). 
Although the impact of root rot on yield is difficult to estimate, a few recent studies have 
found that root rot significantly reduces soybean yield (Roth et al. 2019; Sjarpe et al. 2019). 
However, these studies were conducted at microplot scale, so there is a need to understand this 
relationship in individual plants. 
Recent studies investigating the relationship between SDS pathogen populations in soil 
and roots and foliar SDS severity and yield suggested that Fv population in soil and roots has a 
positive relationship with foliar SDS, but a negative relationship with yield (Freed et al. 2017; 
Roth et al. 2019; Wang et al. 2019). However, these relationships were inconsistent across 
different sites and cropping seasons, showing that our understanding of the relationship between 
disease levels, pathogen density and yield is still limited. This is a major challenge for making 
accurate predictions of disease risk and crop loss in commercial fields. There is also a lack of 
understanding about how pathogen density in soybean roots and soil corresponds to disease. This 
information is needed to model the relationship between SDS intensity, pathogen density in roots 
and soil, and yield at the plant to field scale, and is important to SDS management because it can 
be used to develop disease and yield loss predictive models to help farmers make cost-effective 
disease management decisions. 
The objective of this project was to quantify the relationship between SDS disease 
intensity (both foliar and root rot), pathogen density (in roots and soil), and soybean yield at 
different spatial scales, i.e., individual plants, quadrats, and SDS patches.  
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Materials and Methods 
Experimental sites 
Commercial fields. In 2018, three commercial soybean fields located in Boone, 
Hamilton and Webster counties, IA, were selected based on their previous history of severe SDS 
outbreaks. Information about cultivars, planting date and inoculation in commercial fields is 
provided in Table 1. These fields were regularly monitored after the crop reached R1 
reproductive stage (beginning flowering) to locate plants with SDS foliar symptoms. Individual 
soybean plants were tagged in a 6.1 m x 6.1 m (20 ft x 20 ft) area, using a grid-based design, 
centered around a single plant showing early SDS foliar symptoms. In each field, two sampling 
grids were marked at different sites. Each grid had 99 soybean plants tagged every 0.6 m (2 ft) 
within rows, over nine rows. The row to row distance was 0.76 m (2.5 ft) in all fields. These 
grids were considered SDS patches. A total of 594 soybean plants (six grids) were tagged in 
commercial soybean fields. 
Marsden Farm. From 2016 through 2018, SDS foliar intensity (severity and incidence) and 
grain yield data were obtained from an ongoing cropping system experiment located at the Iowa 
State University’s Marsden Research Farm in Boone County, IA (Davis et al. 2012; Gómez et al. 
2013; Liebman et al. 2008). This experiment (345 m x 185 m) was established in 2001 as a 
randomized complete block design (RCBD) with four blocks. Each block consists of nine main 
plots (18 m x 84 m). Three cropping systems including 2-year, 3-year, and 4-year cropping 
systems, defined by sequence of crop rotation and fertility regime, were applied to main plots (18 
m x 84 m), forming a complete block (Leandro et al. 2018). The 2-year cropping system was 
planted to corn and soybean in alternate years and managed with Iowa State University 
Extension-recommended practices, with application of synthetic fertilizers at standard rates. In 
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the 3-year rotation sequence, an oat and red clover forage mix was planted in a year following 
soybean and preceding corn. In the 4-year rotation sequence, oats and alfalfa were seeded in the 
third year and followed by alfalfa in the fourth year following soybean and preceding corn. Crop 
nutrients for the 3-year and 4-year cropping systems were provided via application of composted 
cattle manure and synthetic fertilizers at reduced rates. All crop phases of each rotation system 
were planted each year. 
No artificial Fv inoculum was added to the field plots. However, soybean plots in this 
experiment have displayed a range of SDS levels (Leandro et al. 2013) annually since 2010. 
Therefore, we chose this site to obtain a wide range of SDS foliar symptoms and soybean grain 
yields. The soybean variety ‘Latham L2758 R2’, a maturity group 2.7 variety rated as resistant to 
SDS, was planted on 21 May in 2016, 15 May in 2017 and 17 May in 2018. Each soybean plot 
consisted of 24 rows with a row spacing of 0.76 m. For data collection, quadrats (3 m W × 1.5 m 
L) were flagged 8.4 m apart in the outer six rows along both sides of each soybean plot, resulting 
in 20 quadrats in each soybean plot. Each quadrat spanned four soybean rows.  
Hinds Farm. In 2018, another quadrat-scale plot (5.3 m x 3 m) field experiment was 
established at ISU’s Hinds Research Farm in Story County, IA. This experiment (80 m x 26 m) 
was established using a randomized complete block design with six blocks and ten disease 
treatments (a total of 60 plots). Plots were 3 m W × 5.3 m L with 4 soybean rows spacing 0.76 m 
apart. Two soybean varieties, ‘Pioneer P20T79R2’ (maturity group 2.0, susceptible to SDS) and 
‘Syngenta NK Soybean S24-K2’ (maturity group 2.4, moderately resistant to SDS), were planted 
on 10 May. Plots were artificially inoculated at the time of sowing, using five concentrations of 
Fv inoculum: 0, 2, 3, 4, or 5 ml of Fv-infested sorghum grain per linear foot of row. Sorghum 
was infested with isolate LL0036 (Buchanan County, IA origin) following the protocol of 
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Luckew et al. (2012). This experiment was established on a site previously planted to corn and 
was artificially irrigated using drip irrigation as needed. The target irrigation was 0.65 inches per 
week in addition to rainfall. Plots were examined each week for foliar symptoms and 106 
individual soybean plants that had begun to show SDS foliar symptoms were arbitrarily tagged in 
the border rows of the plots. 
Data collection 
Plant scale. Individual soybean plants tagged in soybean fields and experimental plots 
were regularly monitored every week for SDS foliar severity assessment using a 0-100% rating 
scale (Sankaran et al. 2010). Foliar severity was estimated as the percentage of leaf area with 
SDS symptoms. In all sites, disease ratings continued until crop senescence. Tagged soybean 
plants were hand-harvested at maturity (R8 growth stage). Yield component data including total 
number of pods per plant, total number of seeds per plant, and total seed weight per plant (g) 
were collected.  
Quadrat scale. After the onset of foliar symptoms, marked soybean quadrats at Marsden 
and Hinds Farm were visited weekly to assess SDS foliar incidence and severity in each quadrat 
area. Disease incidence was measured as the percentage of plants showing foliar SDS symptoms 
in the quadrat. Disease severity was estimated as percent area of quadrat showing chlorotic to 
necrotic foliar symptoms. For all seasons, disease ratings continued until crop senescence. 
Soybean quadrats were harvested at full maturity (R8) using a 2-row plot combine. The center 





Patch scale. Plant scale data obtained from each grid in growers’ fields and from 
artificially inoculated microplots were aggregated to patch level using the statistical methods 
described below. 
Quantification of Fv population in soybean roots and soil. 
Root samples. Roots of 200 individual soybean plants (50 from each location) were 
sampled at the R7-R8 growth stage. Plants were arbitrarily selected from each farm to represent a 
wide range of foliar SDS symptoms. Plants were gently uprooted and bulk soil was removed 
from roots. Sampled roots were brought to the lab in coolers within 2 h of sampling and were 
gently washed. Root rot severity (percent area of root showing brown or black discoloration) 
ratings were made on washed roots, which were later placed on clean benches for drying at 65°C. 
Fibrous and lateral roots were removed, and a 5-cm-long segment of each tap root, originating 
from just below the soil line, was excised, weighed, and finely ground in a Thomas Wiley® Mini 
Cutting Mill (Thomas Scientific, Swedesboro, NJ). Dried, ground roots were stored at 4°C until 
DNA extraction. DNA was extracted from 0.08 g ground root samples with the DNeasy 
PowerPlant Pro Kit (MO BIO Laboratories, Inc., Carlsbad, CA). Extracted DNA concentrations 
were measured using a NanoDrop 8000 Spectrophotometer (Thermal Scientific, Wilmington, 
DE). 
Soil samples. We collected 200 soil samples adjacent to soybean plants sampled for roots 
(50 from each location). A 2.54-cm-diameter soil probe was used for soil sampling to a depth of 
15 cm. Soil cores were taken at a minimum 5-cm distance from plants to avoid plant roots and 
debris. Between each sampling point, probes were sprayed with 70% ethanol and wiped with 
autoclaved paper towels to avoid microbial and DNA cross-contamination. All soil samples were 
stored at -20°C until DNA extraction. In 2017 and 2018, additional soil samples were collected 
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from 36 systematically selected soybean quadrats (out of 240) at Marsden Farm (36 samples in 
each season). Two cores were sampled from each quadrat and homogenized before DNA 
extraction. DNA was extracted from 0.25-g soil aliquots using the DNeasy PowerLyzer 
PowerSoil Kit (MO BIO Laboratories, Inc., Carlsbad, CA). 
Pathogen population quantification. F. virguliforme population density in sampled 
roots and soil was quantified using a quantitative polymerase chain reaction (qPCR) method 
developed by (Wang et al. 2015) with minor modification (Leandro et al. 2018). The reactions 
were performed in a Mastercycler® RealPlex2 (Biocompare, Inc.). The thermal profile used for 
the reaction was: 3 min at 98°C, followed by 40 cycles of 3 s at 95°C and 45 s at 60°C. The 
amplification threshold cycle was set manually at 2,000 fluorescence value. Two technical 
replications were used for each DNA sample. Each 96-well plate contained two non-template 
water controls (NTC), 14 samples of a DNA dilution series (Fv isolate Mont-1) for the standard 
curve, and our unknown DNA samples in the remaining wells. The curve was generated using a 
gBlock synthetic DNA sequence (Integrated DNA Technologies, Coralville, IA) of known 
concentration with the intergenic spacer (IGS) sequence incorporated into the gBlock. The 
number of copies of Fv-specific IGS sequences per g of soil or ground root were calculated for 
each sample, and log-transformed for analysis (Yang et al. 2016).  
Data analysis 
Data obtained from grower fields and experimental plots were analyzed separately by 
location because of differences in cultivars, soil type, management operations and SDS intensity. 
As foliar disease was rated weekly, area under the disease progress (AUDPC), a quantitative 
summary of disease intensity over time, was calculated for both severity and incidence prior to 
data analysis. Relationships among measures of foliar disease intensity (severity and incidence), 
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root rot, root mass, pathogen population (in roots and soil) and soybean yield and yield 
components were quantified using linear regression in R version 3.6.1 using the lm function (R 
Core Team 2019, Vienna, Austria). All relationships between disease, pathogen and yield 
measures were evaluated graphically (Figure A1 to Figure A9). Models were reported according 
to their significance (P ≤ 0.05). The coefficient of determination (R2) indicated the proportion of 
variation in response variables (𝑦) explained by changes in the independent variables (𝑥). The 
standard error of estimate (SEEy) provided accuracy of predictions as error associated with a 
predicted (?̂?). To identify the yield components that were strongly affected by the disease, data 
for yield components were standardized (
𝑥
𝑚𝑎𝑥(𝑥)
) to a comparable scale. Slopes for each yield 
component were obtained using the lstrends function and were compared using the pairs 
function in R. 
Results 
Plant scale  
Relationship of SDS foliar severity with root rot, root mass and Fv population. At 
plant scale, root rot had a significant positive relationship with foliar SDS severity (0.08 < R2 < 
0.53) in 3 out of 4 locations (Table 2). Root mass had a significant negative relationship with 
SDS (0.18 < R2 < 0.28) but only at 2 out of 4 locations. A negative relationship was observed 
between foliar SDS and Fv populations in soybean roots at the Hamilton County site (R2 = 0.43). 
However, no significant relationship was observed between Fv population in soil and foliar SDS 
severity at any location. 
Relationship of SDS root rot with root mass and Fv population. A negative 
relationship was observed between root rot and root mass (Table 2) only at the Hinds Farm 
location (R2 = 0.31). The relationship between Fv population in roots and root rot was positive 
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but was significant only at the Boone County location (R2 = 0.25). No significant relationship 
was observed between Fv population in soil and root rot at any location. 
Relationship of SDS foliar severity with soybean yield components. Foliar SDS 
severity had a significant negative relationship with soybean yield components (0.10 < R2 < 
0.50). However, the relationship of SDS with number of pods per plant and number of seeds per 
plant was not significant at the Webster County location (Table 3). 
Relationship of root rot and root mass with soybean yield components. At 3 of 4 
locations, root rot had a significant negative relationship with all soybean yield components 
(0.09 < R2 < 0.43). On the other hand, root mass had significant positive relationship with all 
yield components (0.19 < R2 < 0.7) at all locations (Table 3). 
Relationship of pathogen density with soybean yield components. Fv population in 
roots had a positive relationship with soybean yield components (0.15 < R2 < 0.40), but this 
relationship was significant only at the Boone and Hamilton County sites (Table 3). On the other 
hand, no significant relationship was observed between Fv population in soil and yield 
components except at the Hamilton County location, where Fv population in soil had a weak 
positive relationship (R2 = 0.09) with number of seeds per plant. 
Yield components strongly affected by foliar SDS severity. All yield components were 
equally affected by foliar SDS severity as slopes of the relationship between foliar SDS and yield 
components did not differ significantly at all locations (Table A1 and Figure A6).  
Quadrat scale  
Relationship of Fv population in soil with SDS foliar intensity. Fv population in soil 
had a significant positive relationship with SDS foliar incidence (R2 = 0.42) and severity (0.20 < 
R2 < 0.28) at Marsden Farm (Table 4). Fv population had a stronger relationship with foliar 
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incidence compared to severity. However, this relationship (incidence x Fv population) was 
significant only in 2018 cropping season (Table 4). 
Relationship of SDS foliar intensity with soybean yield. Both SDS foliar incidence and 
severity had negative relationship (0.05 < R2 < 0.46) with soybean yield at both farms (Table 5). 
At Marsden Farm, these relationships were stronger in 2016 and 2017 than in 2018. However, 
the relationship between SDS severity and soybean yield was non-significant at Marsden Farm in 
2018. At Marsden Farm, SDS foliar incidence in 2016 and 2017 (0.25 < R2 < 0.46) had a strong 
relationship with soybean yield compared to severity (0.17 < R2 < 0.42). However, at Hinds 
Farm, SDS foliar severity (R2 = 0.42) had a stronger relationship with soybean yield than foliar 
symptom incidence (R2 = 0.39) (Table 5). 
Relationship of Fv population in soil with soybean yield. Fv population in soil had a 
negative relationship with soybean yield, but this relationship was not significant in either 2017 
or 2018 cropping seasons at Marsden Farm (Table A2). 
Patch scale  
Plant scale data was aggregated to patch scale, but no significant relationship was 
observed between any of the disease, pathogen, or yield measurements at patch scale (data not 
shown). 
Discussion 
This study provides insights into the relationship between disease intensity, pathogen 
density and soybean yield at plant to quadrat scale. Our findings indicated that, in both individual 
soybean plants and quadrats, soybean yield was significantly affected by foliar SDS disease 
intensity. Root rot had a positive relationship with foliar SDS severity and negatively impacted 
soybean yield components when measured in individual soybean plants. 
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In individual soybean plants, root rot had a positive relationship with foliar SDS severity 
(AUDPC) in three out of four locations. This relationship was stronger in plants collected from 
Hinds Farm compared with plants sampled from Hamilton and Webster counties. SDS foliar 
severity was highest at Hinds Research Farm compared to commercial soybean fields. However, 
root rot severity was of wider range and comparable across all locations. We did not find a linear 
relationship between foliar SDS severity and root rot in the grower field located in Boone 
County, even though SDS severity was higher in this farm than in the other commercial farms. 
Previous studies suggest inconsistent relationships between SDS foliar symptoms and root rot 
severity (Kandel et al. 2016a; Roth et al. 2019; Scherm and Yang 1996; Wrather et al. 1995) 
which can be due to a range of environmental (soil moisture and temperature) and physiological 
factors (Kandel et al. 2016a; Wang et al. 2019). For example, host physiology or environmental 
conditions that favor Fv toxin translocation strongly influence foliar symptom expression 
compared to root rot development (Kandel et al. 2016a). Recent studies suggest that root rot due 
to Fv does not always lead to the development of SDS foliar symptoms (Sjarpe et al. 2019; Wang 
et al. 2019). 
Fv population in roots (based on DNA copies per gram of root) had a significant negative 
relationship with SDS severity in plants from Hamilton County. At this location, foliar SDS 
severity was not as high as observed in Boone County and Hinds Farm. These results support 
previous findings that the Fv population in roots does not necessarily indicate current or future 
SDS foliar severity (Kandel et al. 2016b; Sjarpe et al. 2019; Wang et al. 2019). The fact that Fv 
population detected in roots was comparable across all farms despite significant differences in 
foliar SDS severity may be due to lack of production or translocation of toxins produced by the 
pathogen (Wang et al. 2019). Also, some Fv isolates are good root colonizers but poor toxin 
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producers or vice versa (Li et al. 2009). Previous studies have also shown an inconsistent 
relationship between Fv population in roots and foliar SDS (Roth et al. 2019; Sjarpe et al. 2019; 
Wang et al. 2019). 
No significant relationship was also observed between Fv population in soil (DNA copies 
per g of soil) and foliar severity in individually tagged plants at any location. However, this 
relationship was significant in soybean quadrats at Marsden Farm, where Fv population in soil 
had significant positive relationships with foliar SDS severity in the 2017 and 2018 cropping 
seasons. The relationship of Fv population in soil with foliar incidence was significant only in 
2018, when a wider range of Fv population was observed in soybean quadrats compared to 2017. 
Several greenhouse studies suggest that Fv population in soil may influence SDS development 
(Gongora-Canul et al. 2012; Gray and Achenbach 1996; Luckew et al. 2012; Njiti et al. 2001) 
but field studies report inconsistent relationship between Fv population in soil and foliar SDS 
symptoms (Roth et al. 2019; Westphal et al. 2014; Xing and Westphal 2006). This suggests that 
more information is needed to better understand the relationship between pathogen density in 
soil and SDS development. 
Root rot had a significant positive relationship with Fv population in roots only in plants 
sampled from Boone County. Despite a wide range of root rot and Fv population in roots across 
all locations, this relationship was not significant, suggesting that the amount of Fv inside the 
roots does not necessarily indicate the level of root rot (Sjarpe et al. 2019). Moreover, no 
significant relationship was observed between Fv population in soil and root rot at any location. 
On individual plants, foliar SDS severity had significant negative relationships with 
soybean yield components in three out of four locations. SDS produces chlorotic to necrotic 
symptoms on plant leaves that reduces photosynthetic area of leaves which in turn disturb 
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photosynthetic capacity and affect yield components (Hershman et al. 1990; Hirrel 1983; Luo et 
al. 2000; Melgar et al. 1994; Roy et al. 1997). In our study, the relationship between foliar SDS 
and yield components was stronger in plants sampled from Hinds Farm compared to fields 
located in Boone and Hamilton counties. Experimental plots at Hinds Farm were artificially-
inoculated and drip irrigated, creating a wide range of SDS foliar severity and yield components 
data on tagged plants; this could have led to a stronger relationship at this site. However, this 
relationship was not significant in plants collected from Webster County where comparatively 
low foliar SDS severity was observed. Despite early onset of SDS (R3 reproductive stage) at this 
location, tagged plants dropped the symptomatic leaves after a few initial readings, leaving the 
newly developed healthy leaves attached. Besides, above-average precipitations were observed 
in the mid and late August season at this location which resulted in a prolonged flooding. 
Multiple factors including severe weather, both drought and flooding, during reproductive stages 
can hinder SDS development (Abdelsamad et al. 2017; Kandel et al. 2016a). 
Like foliar SDS severity, root rot had significant negative relationship with yield 
components in three out of four locations. Fv starts infection from roots where it causes root rot 
that negatively impacts plant growth and yield. Recent studies also suggest a negative 
relationship between root rot and soybean grain yield (Roth et al. 2019; Sjarpe et al. 2019). In 
this study, root rot severity had a stronger relationship with yield components in plants collected 
from Hinds Farm, compared to Hamilton and Webster counties. Although foliar SDS severity 
was very low in grower fields located in Hamilton and Webster Counties, the relationship 
between root rot and yield components was significant. This is consistent with previous findings 
that root infection and root rot in the absence of foliar symptoms may also result in yield loss 
(Sjarpe et al. 2019; Wang et al. 2019).  
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Unexpectedly, a positive relationship was observed between Fv population in roots and 
soybean yield components in two out of four locations. Roth et al. (2019) observed a similar 
relationship between Fv population in roots and soybean yield. However, in another multi-
location study, Sjarpe et al. (2019) did not find any relationship between Fv population in roots 
and soybean yield. Moreover, no significant relationship was observed between Fv population in 
soil and yield components at any location. Similarly, the relationship between Fv population in 
soil and yield was not significant in soybean quadrats at Marsden Farm in any year. Roth et al. 
(2019) observed a negative relationship between Fv quantities in roots at planting and soybean 
yield; however, these findings were inconsistent across different years. 
In soybean quadrats, both foliar SDS (AUDPC) severity and incidence had a negative 
relationship with soybean yield at both farms. At Marsden Farm, this relationship was stronger in 
2016 and 2017 compared to 2018. The 2018 cropping season was unfavorable for both soybean 
and SDS development, with above-average precipitation resulting in flooding in some of the 
plots. In addition, some plots had high weed pressure. Collectively, these conditions may have 
suppressed soybean yield formation and SDS development. Overall, a wide range of yield was 
observed in soybean quadrats at Marsden Farm (1793 – 4931 kg/ha in 2016, 2532 – 5275 kg/ha 
in 2017 and 612 – 5705 kg/ha in 2018) than quadrats at Hinds Farm (3064 – 4236 kg/ha). 
Marsden Farm had a long-term crop rotation effect that could have caused the wide range of 
yield in soybean quadrats. On the other hand, soybean quadrats at Hinds Farm were drip irrigated 
which may have compensated for the damage due to SDS. 
The strength of the correlation between SDS symptoms and soybean yield has varied 
depending on SDS severity in previous studies (Anderson et al. 2015; Hartman et al. 1995; 
Hershman et al. 1990; Kandel et al. 2016a; Leandro et al. 2018; Luo et al. 2000; Roth et al. 2019; 
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Sjarpe et al. 2019). Under low SDS conditions, yield may not be affected (Hershman et al. 1990; 
Kandel et al. 2016a); however, in severe disease conditions SDS causes substantial yield losses 
because of defoliation or loss of green leaf area which reduces canopy light interception (Browde 
et al. 1994) and photosynthesis (Welter 1993). High SDS intensity was observed at Marsden 
Farm in 2016 and at Hinds Farm in 2018 and, in both situations, SDS had a strong relationship 
with soybean yield. These results support previous findings that under severe SDS conditions, 
growers can suffer greater yield loss. 
Relationships between root mass and foliar SDS, root rot, pathogen population and 
soybean yield components were also quantified. Root mass had a negative relationship with 
foliar SDS severity in plants collected from Boone County and Hinds Farm, where high foliar 
SDS severity was observed compared to other farms. These results indicated that soybean roots 
are likely to be deteriorated under severe SDS conditions that negatively impact yield. Previous 
studies also suggest a negative correlation between SDS severity and root biomass (Freed et al. 
2017; Sjarpe et al. 2019). The relationship between root mass with root rot was significant only 
at Hinds Farm. Previous studies also report inconclusive relationships between root rot and root 
mass (Roth et al. 2019; Sjarpe et al. 2019). Root mass had a significant positive relationship with 
all soybean yield components at all locations, and these relationships were stronger than foliar 
SDS and root rot, indicating that deteriorated roots can strongly disturb soybean yield formation. 
Although we detected significant relationships between disease, pathogen and yield 
parameters varied across sites, our study had limitations. We collected roots and soil samples at 
R7-R8 growth stages (early to full maturity) when roots already started deteriorating and were 
possibly colonized by pathogens and saprophytes not evaluated in this study. Also, at this stage, 
pathogen population can reach high density in roots and soil (Rupe and Becton 1992). This could 
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be one of the reasons behind the inconsistent relationships between disease, pathogen and yield 
components in individual plants. However, previous studies also report an inconsistent 
relationship between Fv population in roots and the amount of root rot even when sampling is 
done much earlier during vegetative (V2/V3) and reproductive (R4/R5) stages. (Roth et al. 2019; 
Sjarpe et al. 2019; Wang et al. 2019). 
Another limitation is that visual root rot estimations that can be subjective (Wang et al. 
2019). Root surface discoloration could be due to the activity of other soil borne pathogens not 
evaluated in this study and can make this method difficult to reproduce across fields. Small 
sample size and within-field variability of pathogen population in soil can also explain lack of 
relationship between Fv population in soil, disease and yield components at individual plant 
scale (Sjarpe et al. 2019). As it is a soil-borne pathogen, Fv populations may have aggregated 
spatial variability in field that our sampling design might not have addressed. Future studies 
should consider collecting larger number of samples using a systematic sampling design to 
overcome this limitation and to observe the relationships between pathogen population, disease 
and yield. 
The results from this study demonstrate that in individual plants soybean yield is strongly 
affected by foliar SDS and root rot. However, presence of Fv in roots or soil does not indicate 
significant impact on foliar and root rot severity, and soybean yield components. In soybean 
quadrats, foliar SDS severity is positively associated with pathogen population in soil and 
negatively impacts soybean yield. 
This study adds information to current knowledge of the relationship between SDS 
intensity, pathogen density and soybean yield at two different spatial levels. This information is 
of critical importance when quantifying the negative impact of SDS on soybean yield in response 
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to disease and inoculum intensity at the plant to field scale. In addition, this information is also 
essential for developing predictive models for SDS risk and soybean yield loss prediction, and 
making optimal and cost-effective disease management decisions (Madden et al. 2007; Nutter 
2007). For instance, pathogen population in soil is valuable as risk assessment information and 
can help growers know their risk of developing SDS before purchasing their cultivar and seed 
treatment. Multiple studies, including the present study, have revealed that the relationship 
between SDS and yield can vary from weak to strong (Hartman et al. 1995; Kandel et al. 2016a; 
Leandro et al. 2018; Luo et al. 2000; Roth et al. 2019) and can be challenging to predict. Future 
studies to understand how the timing of SDS foliar symptom onset affects soybean yield may 
provide additional insights to improve assessment of yield loss risk in fields with a history of 
SDS. 
Acknowledgments 
This work was partially supported by soybean checkoff programs through the Iowa 
Soybean Association and North Central Soybean Research Program, and by Fulbright, the 
United States Cultural Exchange Program. We thank Renan Kobayashi-Leonel and Joshua Budi 
from Dept. Plant Pathology and Microbiology, Iowa State University, for their help in data 
collection and Matthew Woods from the Dept. of Agronomy for help in trial maintenance and 
other farm operations. We also thank Stith Wigs, Dept. Plant Pathology and Microbiology, for 
help in the harvesting of soybean quadrats. We also thank Mark Kaiser and Philip Dixon from 





Abdelsamad, N. A., Baumbach, J., Bhattacharyya, M. K., and Leandro, L. F. 2017. Soybean 
sudden death syndrome caused by Fusarium virguliforme is impaired by prolonged 
flooding and anaerobic conditions. Plant Dis 101:712-719. 
Allen, T. W., Bradley, C. A., Sisson, A. J., Byamukama, E., Chilvers, M. I., Coker, C. M., 
Collins, A. A., Damicone, J. P., Dorrance, A. E., and Dufault, N. S. 2017. Soybean yield 
loss estimates due to diseases in the United States and Ontario, Canada, from 2010 to 
2014. Plant Health Prog 18:19-27. 
Anderson, J., Clark, W., Reyes-Valdes, M. H., and Kantartzi, S. K. 2015. Relationship of 
resistance to sudden death syndrome with yield and other important agronomic traits in a 
recombinant inbred soybean population. Journal of Plant Sciences 3:22-26. 
Aoki, T., O'Donnell, K., Homma, Y., and Lattanzi, A. R. 2003. Sudden-death syndrome of 
soybean is caused by two morphologically and phylogenetically distinct species within 
the Fusarium solani species complex—F. virguliforme in North America and F. 
tucumaniae in South America. Mycologia 95:660-684. 
Bandara, A. Y., Weerasooriya, D. K., Bradley, C. A., Allen, T. W., and Esker, P. D. 2019. 
Dissecting the economic impact of soybean diseases in the United States over two 
decades. bioRxiv X:XXXX. 
Board, J. E., and Kahlon, C. S. 2011. Soybean yield formation: What controls it and how it can 
be improved.  in: Soybean Physiology and Biochemistry. H. El-Shemy, ed. InTech Open 
Access Publisher. 
Brar, H. K., Swaminathan, S., and Bhattacharyya, M. K. 2011. The Fusarium virguliforme toxin 
FvTox1 causes foliar sudden death syndrome-like symptoms in soybean. Molecular 
Plant-Microbe Interactions 24:1179-1188. 
Browde, J. A., Pedigo, L. P., Owen, M. D. K., and Tylka, G. L. 1994. Soybean yield and pest 
management as influenced by nematodes, herbicides, and defoliating insects. Agron J 
86:601-608. 
Chang, H.-X., Yendrek, C. R., Caetano-Anolles, G., and Hartman, G. L. 2016. Genomic 
characterization of plant cell wall degrading enzymes and in silico analysis of xylanses 
and polygalacturonases of Fusarium virguliforme. BMC Microbiology 16:147. 
Davis, A. S., Hill, J. D., Chase, C. A., Johanns, A. M., and Liebman, M. 2012. Increasing 
cropping system diversity balances productivity, profitability and environmental health. 
PLOS One 7:e47149. 
De Bruin, J. L., and Pedersen, P. 2008. Soybean seed yield response to planting date and seeding 
rate in the Upper Midwest. Agron J 100:696-703. 
51 
Freed, G. M., Floyd, C. M., and Malvick, D. K. 2017. Effects of Pathogen Population Levels and 
Crop-Derived Nutrients on Development of Soybean Sudden Death Syndrome and 
Growth of Fusarium virguliforme. Plant Dis 101:434-441. 
Gao, X., Hartman, G., and Niblack, T. 2006. Early infection of soybean roots by Fusarium solani 
f. sp. glycines. Phytopathology 96:S38. 
Gibson, P. T., Shenaut, M. A., Njiti, V. N., Suttner, R. J., and Myers Jr, O. 1994. Soybean 
varietal response to sudden death syndrome. Pages 6-7 in: 24th Soybean Seed Research 
Conferemce, Chicago, IL. 
Gómez, R., Liebman, M., Sundberg, D. N., and Chase, C. A. 2013. Comparison of crop 
management strategies involving crop genotype and weed management practices in 
conventional and more diverse cropping systems. Renew Agr Food Syst 28:220-233. 
Gongora-Canul, C., Nutter, F. W., and Leandro, L. F. S. 2012. Temporal dynamics of root and 
foliar severity of soybean sudden death syndrome at different inoculum densities. 
European Journal of Plant Pathology 132:71-79. 
Gongora-Canul, C. C., and Leandro, L. F. S. 2011. Effect of soil temperature and plant age at 
time of inoculation on progress of root rot and foliar symptoms of soybean sudden death 
syndrome. Plant Dis 95:436-440. 
Gray, L., and Achenbach, L. 1996. Severity of foliar symptoms and root and crown rot of 
soybean inoculated with various isolates and inoculum rates of Fusarium solani. Plant 
Dis 80:1197-1199. 
Hartman, G. L., Noel, G. R., and Gray, L. E. 1995. Occurrence of soybean sudden death 
syndrome in east-central Illinois and associated yield losses. Plant Dis 79:314-318. 
Hartman, G. L., Sinclair, J. B., and Rupe, J. C. 1999. Compendium of soybean diseases. 4 ed. 
American Phytopathological Society Press, St. Paul, Minnesota. 
Hartman, G. L., Chang, H. X., and Leandro, L. F. 2015a. Research advances and management of 
soybean sudden death syndrome. Crop Prot 73:60-66. 
Hartman, G. L., Leandro, L. F., and Rupe, J. C. 2015b. Sudden death syndrome. Pages 88-90 in: 
Compendium of Soybean Diseases and Pests. G. L. Hartman, J. C. Rupe, E. J. Sikora, L. 
L. Domier, J. A. Davis and K. L. Steffey, eds. American Phytopathological Society Press, 
St. Paul, Minnesota. 
Hartman, G. L., Huang, Y. H., Nelson, R. L., and Noel, G. R. 1997. Germplasm evaluation of 
Glycine max for resistance to Fusarium solani, the causal organism of sudden death 
syndrome. Plant Dis 81:515-518. 
Hershman, D. E., Hendrix, J. W., Stuckey, R. E., Bachi, P. R., and Henson, G. 1990. Influence of 
planting date and cultivar on soybean sudden death syndrome in Kentucky. Plant Dis 
74:761-766. 
52 
Hirrel, M. C. 1983. Sudden-death syndrome of soybean-a disease of unknown etiology. Pages 
501-502 in: Phytopathology Amer Phytopathological Society, St. Paul, MN. 
Kandel, Y. R., Wise, K. A., Bradley, C. A., Tenuta, A. U., and Mueller, D. S. 2016a. Effect of 
planting date, seed treatment, and cultivar on plant population, sudden death syndrome, 
and yield of soybean. Plant Dis 100:1735-1743. 
Kandel, Y. R., Wise, K. A., Bradley, C. A., Chilvers, M. I., Tenuta, A. U., and Mueller, D. S. 
2016b. Fungicide and cultivar effects on sudden death syndrome and yield of soybean. 
Plant Dis 100:1339-1350. 
Kandel, Y. R., Mueller, D. S., Legleiter, T., Johnson, W. G., Young, B. G., and Wise, K. A. 
2018. Impact of fluopyram fungicide and preemergence herbicides on soybean injury, 
population, sudden death syndrome, and yield. Crop Prot 106:103-109. 
Kandel, Y. R., Bradley, C., Chilvers, M. I., Mathew, F. M., Tenuta, A., Smith, D. L., Wise, K. 
A., and Mueller, D. S. 2019. Effect of Seed Treatment and Foliar Crop Protection 
Products on Sudden Death Syndrome and Yield of Soybean. Plant Dis XXXX:1-9. 
Kandel, Y. R., Wise, K. A., Bradley, C. A., Chilvers, M. I., Byrne, A. M., Tenuta, A. U., 
Faghihi, J., Wiggs, S. N., and Mueller, D. S. 2017. Effect of soybean cyst nematode 
resistance source and seed treatment on population densities of Heterodera glycines, 
sudden death syndrome, and yield of soybean. Plant Dis 101:2137-2143. 
Leandro, L. F. S., Robertson, A. E., Mueller, D. S., and Yang, X.-B. 2013. Climatic and 
environmental trends observed during epidemic and non-epidemic years of soybean 
sudden death syndrome in Iowa. Plant Health Prog 14:18. 
Leandro, L. F. S., Eggenberger, S., Chen, C., Williams, J., Beattie, G. A., and Liebman, M. 2018. 
Cropping system diversification reduces severity and incidence of soybean sudden death 
syndrome caused by Fusarium virguliforme. Plant Dis 102:1748-1758. 
Li, S., Hartman, G. L., and Chen, Y. 2009. Evaluation of aggressiveness of Fusarium 
virguliforme isolates that cause soybean sudden death syndrome. Journal of Plant 
Pathology:77-86. 
Liebman, M., Gibson, L. R., Sundberg, D. N., Heggenstaller, A. H., Westerman, P. R., Chase, C. 
A., Hartzler, R. G., Menalled, F. D., Davis, A. S., and Dixon, P. M. 2008. Agronomic and 
economic performance characteristics of conventional and low-external-input cropping 
systems in the central Corn Belt. Agron J 100:600-610. 
Luckew, A. S., Cianzio, S. R., and Leandro, L. F. 2012. Screening method for distinguishing 
soybean resistance to Fusarium virguliforme in resistant × resistant crosses. Crop Science 
52:2215-2223. 
Luo, Y., Hildebrand, K., Chong, S. K., Myers, O., and Russin, J. S. 2000. Soybean yield loss to 
sudden death syndrome in relation to symptom expression and root colonization by 
Fusarium solani f. sp. glycines. Plant Dis 84:914-920. 
53 
Madden, L. V., Hughes, G., and Van den Bosch, F. 2007. The study of plant disease epidemics. 
American Phytopathological Society Press, St. Paul, Minnesota. 
Melgar, J., Roy, K. W., and Abney, T. S. 1994. Sudden death syndrome of soybean: etiology, 
symptomatology, and effects of irrigation and Heterodera glycines on incidence and 
severity under field conditions. Canadian Journal of Botany 72:1647-1653. 
Navi, S. S., and Yang, X. B. 2016. Sudden death syndrome - A growing threat of losses in 
soybeans. CAB Rev 11:1-13. 
Njiti, V. N., Suttner, R. J., Shenaut, M. A., and Gibson, P. T. 1994. Soybean SDS effects on yield 
components. (Abstract) Page 128 in: Proceeding of American Society of Agronomy. 
Njiti, V. N., Shenaut, M. A., Suttner, R. J., Schmidt, M. E., and Gibson, P. T. 1998. Relationship 
between soybean sudden death syndrome disease measures and yield components in F6-
derived lines. Crop Science 38:673-678. 
Njiti, V. N., Johnson, J. E., Torto, T. A., Gray, L. E., and Lightfoot, D. A. 2001. Inoculum rate 
influences selection for field resistance to soybean sudden death syndrome in the 
greenhouse. Crop Science 41:1726-1731. 
Nutter, F. W. 2007. The role of plant disease epidemiology in developing successful integrated 
disease management programs. Pages 43-77 in: General concepts in integrated pest and 
disease management. A. Ciancio and K. G. Mukerji, eds. Springer-Verlag, Dordrecht, 
The Netherlands. 
Pudake, R. N., Swaminathan, S., Sahu, B. B., Leandro, L. F., and Bhattacharyya, M. K. 2013. 
Investigation of the Fusarium virguliforme fvtox1 mutants revealed that the FvTox1 
toxin is involved in foliar sudden death syndrome development in soybean. Current 
Genetics 59:107-117. 
Roth, M. G., Noel, Z. A., Wang, J., Warner, F., Byrne, A. M., and Chilvers, M. I. 2019. 
Predicting Soybean Yield and Sudden Death Syndrome Development using At-planting 
Risk Factors. Phytopathology XX:XXX. 
Roy, K. W., Rupe, J. C., Hershman, D. E., and Abney, T. S. 1997. Sudden death syndrome of 
soybean. Plant Dis 81:1100-1111. 
Roy, K. W., Lawrence, G. W., Hodges, H. H., McLean, K. S., and Killebrew, J. F. 1989. Sudden 
death syndrome of soybean: Fusarium solani as incitant and relation of Heterodera 
glycines to disease severity. Phytopathology 79:191-197. 
Rupe, J. C., and Becton, C. M. 1992. Vertical distribution of Fusarium solani, causal agent of 
sudden death syndrome of soybean, in two fields. Phytopathology 82:1134. 
Rupe, J. C., and Gbur, E. E. 1995. Effect of plant age, maturity group, and the environment on 
disease progress of sudden death syndrome of soybean. Plant Dis 79:139-143. 
54 
Rupe, J. C., Gbur, E. E., and Marx, D. M. 1991. Cultivar responses to sudden death syndrome of 
soybean. Plant Dis 75:47-50. 
Sankaran, S., Mishra, A., Ehsani, R., and Davis, C. 2010. A review of advanced techniques for 
detecting plant diseases. Comput Electron Agr 72:1-13. 
Sanogo, S., Yang, X. B., and Lundeen, P. 2001. Field response of glyphosate-tolerant soybean to 
herbicides and sudden death syndrome. Plant Dis 85:773-779. 
Scherm, H., and Yang, X. B. 1996. Development of sudden death syndrome of soybean in 
relation to soil temperature and soil water matric potential. Phytopathology 86:642-649. 
Sjarpe, D. A., Kandel, Y. R., Chilvers, M. I., Giesler, L. J., Malvick, D. K., Mccarville, M. T., 
Tenuta, A. U., Wise, K. A., and Mueller, D. S. 2019. Multi-location evaluation of 
fluopyram seed treatment and cultivar on root infection by Fusarium virguliforme, foliar 
symptom development, and yield of soybean. Can J Plant Pathol XX:XX-XX. 
Stephens, P. A., Nickell, C. D., and Lim, S. M. 1993. Sudden death syndrome development in 
soybean cultivars differing in resistance to Fusarium solani. Crop Science 33:63-66. 
Vick, C. M., Bond, J. P., Chong, S. K., and Russin, J. S. 2006. Response of soybean sudden 
death syndrome to tillage and cultivar. Can J Plant Pathol 28:77-83. 
Wang, J., Jacobs, J. L., Byrne, J. M., and Chilvers, M. I. 2015. Improved diagnoses and 
quantification of Fusarium virguliforme, causal agent of soybean sudden death syndrome. 
Phytopathology 105:378-387. 
Wang, J., Jacobs, J. L., Roth, M. G., and Chilvers, M. I. 2019. Temporal dynamics of Fusarium 
virguliforme colonization of soybean roots. Plant Dis 103:19-27. 
Welter, S. C. 1993. Responses of plants to insects to insects: eco-physiological insights. Pages 
773-778 in: International Crop Science I. D. R. Buxton, ed. Crop Science Society of 
America, Madison, Wisconsin. 
Westphal, A., Abney, T. S., Xing, L. J., and Shaner, G. E. 2008. Sudden Death Syndrome of 
Soybean. The Plant Health Instructor. 
Westphal, A., Li, C., Xing, L., McKay, A., and Malvick, D. 2014. Contributions of Fusarium 
virguliforme and Heterodera glycines to the disease complex of sudden death syndrome 
of soybean. PLOS One 9:e99529. 
Wrather, J. A., Kendig, S. R., Anand, S. C., Niblack, T. L., and Smith, G. S. 1995. Effects of 
tillage, cultivar, and planting date on percentage of soybean leaves with symptoms of 
sudden death syndrome. Plant Dis 79:560-562. 
Xing, L., and Westphal, A. 2006. Interaction of Fusarium solani f. sp. glycines and Heterodera 
glycines in sudden death syndrome of soybean. Phytopathology 96:763-770. 
55 
Yang, S., Li, X., Chen, C., Kyveryga, P., and Yang, X. B. 2016. Assessing field-specific risk of 






Table 1: Cultivar, planting date and inoculation information for commercial fields and Hinds Research Farm where individual 
soybean plants were tagged for data collection in 2018. All locations had corn as the previous crop and used no tillage.  
Location/Farm Cultivar Planting date Inoculation a 
Boone Pioneer P24A99X May 18 No 
Hamilton Syngenta NK-S24-S1 May 15 No 
Webster Asgrow-2636 May 18 No 
Hinds 
Pioneer P20T79R2 and  
Syngenta NK-S24-K2 
May 10 Yes 







Table 2: Regression statistics and model parameters for relationships between foliar SDS severity, root rot, root mass and pathogen 
population at different locations. Bold values indicate significant relationships (P ≤ 0.05). 
Sudden death 
syndrome 
Disease and plant 
measurements 
Location/Farm R2 Intercept Slope SEEy 
Foliar severity 
(AUDPC) 
Root rot Boone 0.02 778.45 -5.15 522.97 
Hamilton 0.11 -65.92 6.91 396.72 
Webster 0.08 73.89 4.68 184.53 
Hinds  0.53 -306.34 26.56 632.58 
Root mass Boone 0.18 1,014.66 -266.66 480.76 
Hamilton 0.03 398.96 -132.96 414.24 
Webster 0.02 189.80 37.27 190.93 
Hinds  0.28 1,752.80 -523.75 798.58 
Fv (roots) Boone 0.06 2,192.40 -190.32 516.98 
Hamilton 0.43 2,599.29 -273.37 259.53 
Webster 0.05 -464.47 81.68 187.53 
Hinds  0.03 2,321.87 -151.13 871.17 
Fv (soil) Boone 0.00 579.20 -4.24 529.39 
Hamilton 0.00 348.24 -12.16 422.99 
Webster 0.00 396.67 -27.89 188.55 
Hinds  0.02 -794.49 332.84 930.68 
Root rot Root mass Boone 0.00 42.04 0.84 15.96 
Hamilton 0.03 54.94 -6.10 19.75 
Webster 0.05 39.73 -3.80 11.57 
Hinds  0.31 69.73 -14.69 20.97 
Fv (roots) Boone 0.25 -61.19 11.98 14.27 
Hamilton 0.00 34.78 1.548 19.79 
Webster 0.07 -15.76 5.89 11.44 
Hinds  0.04 91.83 -4.89 24.37 
Fv (soil) Boone 0.00 38.71 0.82 15.97 





Table 2: (continued) 
  Webster 0.01 22.41 2.18 11.85 








Table 3: Regression statistics and model parameters for significant relationships of soybean yield components with foliar SDS 
severity, root rot, root mass and pathogen population at different locations. Bold values indicate significant relationships (P ≤ 0.05). 




Location/Farm R2 Intercept Slope SEEy 
Foliar severity 
(AUDPC) 
Number of Pods Boone 0.18 50.27 -0.01 15.76 
Hamilton 0.23 46.00 -0.02 16.18 
Webster 0.07 33.90 0.02 12.60 
Hinds 0.47 55.04 -0.02 16.87 
Number of seed Boone 0.18 125.61 -0.04 39.49 
Hamilton 0.23 108.57 -0.05 38.61 
Webster 0.08 82.81 0.05 32.10 
Hinds 0.44 124.67 -0.04 41.25 
Seed weight Boone 0.21 17.14 -0.01 5.17 
Hamilton 0.27 13.69 -0.01 4.51 
Webster 0.10 12.62 0.01 4.70 
Hinds 0.50 15.81 -0.01 4.70 
Root rot Number of Pods Boone 0.01 37.96 0.10 17.34 
Hamilton 0.09 53.60 -0.27 17.61 
Webster 0.14 52.53 -0.41 12.16 
Hinds 0.42 67.31 -0.59 17.72 
Number of seed Boone 0.02 91.35 0.34 43.39 
Hamilton 0.10 128.85 -0.69 41.71 
Webster 0.14 130.98 -1.04 31.1 
Hinds 0.42 155.61 -1.42 42.19 
Seed weight Boone 0.01 12.99 0.03 5.79 
Hamilton 0.15 16.88 -0.10 4.87 
Webster 0.10 19.09 -0.13 4.69 






Table 3: (continued) 
Root mass Number of Pods Boone 0.66 13.16 17.00 10.19 
Hamilton 0.19 26.01 15.16 16.61 
Webster 0.48 21.71 12.92 9.42 
Hinds 0.60 11.95 18.99 14.77 
Number of seeds Boone 0.67 31.47 43.16 25.00 
Hamilton 0.22 58.47 38.74 38.93 
Webster 0.50 51.82 33.53 23.72 
Hinds 0.67 20.21 47.69 31.98 
Seed weight Boone 0.60 4.99 5.43 3.66 
Hamilton 0.23 7.37 4.82 4.63 
Webster 0.51 8.25 5.00 3.46 
Hinds 0.70 2.70 5.90 3.62 
Fv (roots) Number of Pods Boone 0.38 -101.25 16.33 14.11 
Hamilton 0.15 -30.33 8.26 16.49 
Webster 0.04 -2.07 4.68 12.85 
Hinds 0.07 -18.75 6.52 22.10 
Number of seeds Boone 0.40 -263.07 41.95 34.90 
Hamilton 0.16 -82.45 20.74 39.01 
Webster 0.04 -7.29 11.85 32.86 
Hinds 0.08 -54.23 16.03 52.56 
Seed weight Boone 0.34 -30.82 5.15 4.88 
Hamilton 0.20 -11.91 2.78 4.63 
Webster 0.08 -6.97 2.51 4.74 









Table 3: (continued) 
Fv (soil) Number of Pods Boone 0.00 33.15 1.61 17.41 
Hamilton 0.07 -41.11 14.28 17.89 
Webster 0.05 82.89 -7.81 12.69 
Hinds 0.02 80.86 -7.86 23.04 
Number of seeds Boone 0.00 77.69 4.86 43.67 
Hamilton 0.09 -118.89 37.49 42.37 
Webster 0.04 197.28 -17.95 32.69 
Hinds 0.01 177.46 -16.91 54.87 
Seed weight Boone 0.00 11.13 0.56 5.81 
Hamilton 0.05 -7.29 3.36 5.20 
Webster 0.04 29.77 -2.64 4.86 







Table 4: Regression statistics and model parameters for significant relationships between SDS intensity (severity and incidence) and 
pathogen population in soil at Marsden Farm in 2017 and 2018. Bold values indicate significant relationships (P ≤ 0.05). 
Sudden death 
syndrome 
Fv population in 
soil 
R2 Intercept Slope SEEy 
Incidence 2017 0.10 -245.94 79.68 101.67 
 2018 0.42 -538.64 168.26 156.25 
Severity 2017 0.20 -589.33 180.16 154.10 







Table 5: Regression statistics and model parameters for significant relationships between SDS intensity (severity and incidence) and 
soybean yield at Marsden Farm (2016 through 2018) and Hinds Farm (2018). Bold values indicate significant relationships (P ≤ 0.05). 
Yield 
Sudden death syndrome 
(AUDPC) 
R2 Intercept Slope SEEy 
Marsden Farm  
2016 Incidence 0.46 3887.75 -0.77 478.81 
Severity 0.42 4009.74 -0.95 498.14 
2017 Incidence 0.25 4205.85 -2.43 556.64 
Severity 0.17 4225.60 -1.62 584.75 
2018 Incidence 0.05 3649.88 -0.88 875.06 
Severity 0.02 3566.10 -0.80 888.37 
Hinds Farm  
2018 Incidence 0.39 4480.59 -0.80 210.11 
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Abstract 
Sudden death syndrome (SDS), caused by Fusarium virguliforme, causes substantial 
yield losses in soybean. However, relationships between components of disease progress, 
including time of disease onset and soybean yield, are poorly understood. Individual soybean 
plants (2018) and quadrats (2016-2018) were monitored in commercial fields and experimental 
plots to quantify the impact of SDS foliar symptom onset on final SDS intensity, soybean yield 
components, and yield in Iowa. The day of year (DOY) when SDS foliar symptoms were first 
detected (onset time) and progress of SDS incidence and severity were recorded weekly. 
Individual soybean plants and plants in quadrats were harvested at the end of each season. Beta 
regression showed that DOY of SDS onset has a consistent effect on final disease intensity both 
at individual plant and quadrat levels. The slope of the relationship between DOY of SDS onset 
and final SDS severity was consistent across all field sites and years, except at an experimental 
site. Weighted linear regression revealed that SDS onset time explained 60 to 96% of the 
variation in number of pods, number of seeds and total seed weight in individual plants, and 88 
to 97% of the variation in seed yield in quadrats. Soybean yield damage functions (slopes) 
indicated that for each day SDS onset was delayed, soybean yield increased by 9.6 – 31.3 kg/ha. 
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This new quantitative information improves understanding of the impact of timing of SDS 
symptom onset on final disease intensity and soybean yield.  
Introduction 
Sudden death syndrome (SDS), caused by Fusarium virguliforme O’Donnell & T. Aoki 
(Aoki et al. 2003), is an economically damaging soybean disease, causing significant yield losses 
in the U.S. (Hartman et al. 2015a; Westphal et al. 2008; Wrather and Koenning 2009) and other 
soybean production areas worldwide (Hartman et al. 2015b; Navi and Yang 2016). Estimates of 
annual yield losses in the U.S. due to SDS have ranged between 0.6 to 1.9 million metric tons 
during 2006 to 2014 (Allen et al. 2017), and the disease has cost growers a total of 
approximately $6.75 billion from 1996 to 2016 (Bandara et al. 2019). 
In soybean fields, SDS foliar symptoms -  interveinal chlorosis and necrosis - are 
followed by premature defoliation under severe conditions (Hartman et al. 2015a; Roy et al. 
1997). Foliar symptoms are usually expressed during soybean reproductive stages (Roy et al. 
1997) depending on soil environment (Leandro et al. 2013; Scherm and Yang 1996), planting 
date (Hershman et al. 1990; Kandel et al. 2016a), and cultivar susceptibility (Rupe et al. 1991). 
The pathogen overwinters in the soil and crop residues, and starts infecting roots in early 
soybean growth stages (Gao et al. 2006; Rupe and Gbur 1995), causing poor root development 
and root rot (Hartman et al. 2015a). Low temperature (15°C) and high soil moisture early in the 
season favor root infections and increase the likelihood of an early and severe onset of foliar 
symptoms (Gongora-Canul and Leandro 2011; Leandro et al. 2013; Roy et al. 1997; Scherm and 
Yang 1996). After infection, the pathogen can colonize the plant asymptomatically, and early-
season foliar symptoms are seldom observed (Kandel et al. 2016a). The fungus resides in roots 
and secretes phytotoxins (Brar et al. 2011; Pudake et al. 2013) that move from the roots to the 
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shoots in the plant’s vascular system (Hartman et al. 2015b), causing foliar symptoms. Under 
favorable conditions, foliar symptoms can progress quickly (Gongora-Canul and Leandro 2011; 
Leandro et al. 2013; Scherm and Yang 1996). 
Under severe disease pressure, SDS can cause substantial yield loss (Hirrel 1986; Rupe 
1989). A recent study in Iowa found that SDS foliar incidence and severity explained 50 to 87% 
and 30 to 70% of the variation in soybean yield, respectively (Leandro et al. 2018). Other studies 
showed that a unit increase in SDS incidence and severity caused yield reductions of 7 to 34 
kg/ha (Gibson et al. 1994) and 12 to 22% of total yield reduction (Njiti et al. 1994), respectively. 
Moreover, Luo et al. (2000) reported that a unit increase in SDS foliar index could reduce 
soybean yield by 18 to 29 kg/ha. Field sites with severe SDS foliar symptoms can have 46% 
lower soybean yields than locations with mild symptoms (Hartman et al. 1995). 
SDS causes yield losses by affecting the number of pods per plant, number of seeds per 
plant, seed weight per plant and seed size, which are the main components of soybean yield 
(Board and Kahlon 2011). For instance, at early reproductive stages, SDS causes flower and pod 
abortion, which decreases the number of pods and consequently reduces the number of seeds per 
plant (Hartman et al. 1995; Hartman et al. 1999; Luo et al. 2000; Njiti et al. 1998; Roy et al. 
1989; Roy et al. 1997). In contrast, infections during pod-filling stages reduce yield by either 
decreasing seed size or producing fewer seeds (Hartman et al. 2015a; Hershman et al. 1990; 
Rupe et al. 1999). 
Prior research suggests that the time of onset of SDS foliar symptoms influences disease 
progress and soybean yield (Roy et al. 1997). However, no quantitative information is available 
about the relationship between soybean growth stage at the time of disease onset, disease 
intensity, and yield. Time of infection is often considered a primary determinant of crop yield 
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loss due to diseases (Madden et al. 2000; Matthews 1981), especially with soilborne and 
systemic diseases. Thus, it may be reasonable to predict soybean yield based on the time of onset 
of SDS foliar symptoms. This information can help to clarify timing for optimally cost-effective 
deployment of disease management tactics (Madden et al. 2000) and to make yield predictions 
(Madden et al. 2007). 
The objectives for this project were to quantify the impact of SDS foliar symptom onset 
time on final SDS intensity, soybean yield, and yield components.  
Materials and Methods 
This study was conducted in naturally and artificially infested soybean fields. Data were 
collected at two different spatial scales: individual plants and quadrats. 
Experimental sites 
Grower fields. In 2018, three commercial soybean fields, located in the Boone, Hamilton 
and Webster counties of Iowa, were selected based on previous SDS history. Information about 
cultivars, planting date and inoculation status in commercial fields is provided in Table 1. In 
commercial soybean fields, individual soybean plants were tagged in a 6.1 m x 6.1 m (20 ft x 20 
ft) area, using a grid-based design, centered around a soybean plant showing early SDS foliar 
symptoms. Two sampling grids were marked at different sites within each soybean field. In each 
grid, 99 soybean plants were tagged 0.6 m (2 ft) apart within rows. The row to row distance was 
0.76 m (2.5 ft) in all commercial fields. These grids were considered SDS patches. A total of 594 
soybean plants were tagged in a total of six patches, two in each of the three commercial soybean 
fields (Table 2). 
Marsden Farm. During 2016 through 2018 growing seasons, SDS foliar symptom onset 
and grain yield data were obtained from an ongoing cropping system experiment established in 
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2001 at Marsden Research Farm of Iowa State University in Boone County, IA (Davis et al. 
2012; Gómez et al. 2013; Liebman et al. 2008). The experiment was established using split plots 
under a randomized complete block design (RCBD) with four blocks. Each block consisted of 
nine main plots and two subplots within each main-plot. Three cropping systems including 2-
year, 3-year, and 4-year cropping systems “defined by crop rotations and fertility regime” were 
applied to main-plots (18 m x 84 m) (Liebman et al. 2008). Soybean plots in this experiment 
have consistently displayed varying levels of SDS foliar incidence and severity (Leandro et al. 
2013) since 2010, without artificial Fv inoculation. Therefore, this site was well suited to obtain 
a wide range of SDS foliar symptom onset times and study the relationship of disease onset with 
soybean grain yield. Soybean variety ‘Latham L2758 R2’ (maturity group 2.7; rated as resistant 
to SDS) was planted on 21 May in 2016, 15 May in 2017 and 17 May in 2018. Each soybean 
plot consisted of 24 rows, 84 m in length, with a row spacing of 0.76 m. For data collection, 240 
soybean quadrats (1.5 m x 3 m) were marked, at 8.4 m distance, in the outer six rows of each 
soybean plot (20 quadrats in each plot). Red plastic flags were used to demarcate individual 
quadrats within each soybean plot. 
Hinds Farm. In 2018, another quadrat scale microplot (5.3 m x 3 m) field experiment 
was established at the Hinds Research Farm of Iowa State University, in Story County, IA. This 
experiment (total area 80 m x 26 m) was established using a RCBD with six blocks and ten 
treatment plots per block (a total of 60 microplots). Each plot consisted of four soybean rows (3 
m wide x 5.3 m in length), with a row spacing of 0.76 m. Plots were artificially inoculated using 
different concentrations of Fv inoculum (0, 2, 3, 4 and 5 ml of Fv-infested sorghum grains) at the 
time of sowing, to generate a wide range of SDS foliar symptom onset and yield data. For 
inoculum preparation, sorghum grains were infested with a single spore of Fv isolate (LL0036) 
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collected from Buchanan County, IA in 2006. The isolate was grown on one-third strength 
Potato Dextrose Agar (PDA) before infesting the sorghum grains. The inoculum was prepared 
following the protocol of (Luckew et al. 2012). Two soybean varieties, ‘Pioneer P20T79R2’ 
(maturity group 2.0, susceptible to SDS) and ‘Syngenta NK Soybean S24-K2’ (maturity group 
2.4, moderately resistant to SDS) were planted on May 10, 2018. Fv inoculum was mixed with 
soybean seeds before seeding. This experiment was established on a site previously planted to 
corn and was artificially irrigated using drip irrigation. The target irrigation was 0.65 inches per 
week in addition to rainfall. Using this protocol, we were able to obtain a range of SDS foliar 
symptom onset time information. Individual soybean plants that started showing foliar SDS 
symptoms were arbitrarily tagged in border rows of the plots. A total of 106 plants were tagged 
in the experimental plots at Hinds Research Farm.  
Data collection 
Weekly monitoring for SDS foliar symptom onset was started approximately 30 days 
after planting on tagged soybean plants and in the marked soybean quadrats in each cropping 
season. Both tagged plants and quadrats were regularly scouted on a weekly basis until crop 
senescence. Information about SDS foliar symptom onset date and total disease ratings at each 
site and in all years is provided in Table 2. 
Plant scale. Individually tagged plants were rated only for foliar disease severity using a 
0-100% rating scale (Sankaran et al. 2010). At maturity, tagged plants were hand-harvested and 
brought to the greenhouse for data collection on yield components: number of pods per plant (g), 
number of seeds per plant, number of seeds per pod, total seed weight per plant and 100-seed 
weight per plant (g). 
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Quadrat scale. At quadrat scale, both SDS foliar incidence and severity were assessed 
weekly after foliar symptom onset. Foliar incidence was measured as the percentage of plants 
showing foliar SDS symptoms in the whole quadrat (Nutter Jr et al. 1991), while disease severity 
was directly estimated as the percent area of the quadrat showing chlorotic to necrotic foliar 
symptoms (Sankaran et al. 2010). The day of the year (DOY) when soybean plants and quadrats 
first expressed SDS foliar symptoms (i.e., foliar symptom onset), and progress of SDS severity 
and incidence, were recorded and mapped using the geographical information of tagged plants 
and quadrats. Plants and quadrats that did not show any foliar symptoms of SDS throughout the 
season were considered healthy. 
Soybean quadrats were harvested at maturity, using a two-row plot combine. The middle 
two rows of each quadrat were harvested and yield data (kg/ha) were adjusted to 13% moisture. 
Yield loss (%), the percent reduction in yield caused by a single pathogen (Nutter et al. 1993), 
was calculated as the difference between grain yield from diseased and healthy quadrats, divided 
by the yield from healthy quadrats. Yield loss calculations were based on foliar symptom onset 
time, which means that yield data for quadrats with similar SDS onset time were aggregated and 
subtracted from yield data of healthy quadrats for yield loss calculation. Yield gap, the 
quantitative difference between actual yield and attainable yield (Nutter et al. 1993), was 
obtained by calculating the difference between the average yield of soybean quadrats with 
similar SDS foliar symptom onset date and the average yield from healthy quadrats.  
Data analysis.  
Modeling the relationship between DOY and final disease intensity. Final disease 
(severity and/or incidence at the end of the season) was modeled as a function of time of SDS 
foliar symptom onset (DOY) at both plant and quadrat scale using beta regression (Ferrari and 
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Cribari-Neto 2004) using the betareg package (Cribari-Neto and Zeileis 2010) of R version 3.6.1 
(R CoreTeam 2019, Vienna, Austria). The duration between DOY and final disease assessment 
varied across locations and years, hence matching DOY across locations and years did not 
represent the equal amount of disease progress time. Therefore, DOY was modified in a way that 
the minimum DOY in each location was 1. For example, if 𝑑0 was the smallest value of DOY 
recorded in a field, then ‘time of onset’ for plant 𝑖 can be defined as 𝑥𝑖 = 𝐷𝑂𝑌𝑖 − 𝑑0 + 1. A 
similar temporal covariate was defined for the data obtained at the quadrat scale but with 
𝑖 indexing quadrats. 
For plant scale data, the response variable 𝑌𝑖  i.e., final disease severity for plant 𝑖, was 
expressed as a proportion (values between 0 and 1) rather than a percentage. Observations with 
recorded values of 𝑦𝑖  = 0 were dropped from the data set for each site as these were the plants 
that did not develop SDS foliar symptoms and were sampled at the end of the growing season for 
estimating yield components of healthy plants. Also, response values recorded as 1.0 were 
replaced with 0.99 to make values in the interval (0, 1). For quadrat scale data, the response 
variable 𝑌𝑖 , corresponding to either final severity or final incidence recorded for quadrat 𝑖, was 
also expressed as a proportion. Zeros were dropped and values equal to 1 were replaced with 
0.99, similar to plant scale data. 
For analyses, data consisted of pairs of values (𝑥𝑖, 𝑦𝑖) recorded for each sampling unit 
(plants or quadrats), with 𝑦𝑖  considered to be observed values of the random variables 𝑌𝑖 ; , , 𝑖 =
 1, … , 𝑛. Beta regression model log (
𝜇𝑖
1−𝜇𝑖
) = 𝛾0 + 𝛾1𝑥1 was computed as in (Ferrari and Cribari-
Neto 2004) and explained by Yellareddygari et al. (2016), where 𝛾0 and 𝛾1 are intercept (final 
disease on plants/quadrats with first DOY of SDS onset) and slope (rate of change in final 
disease intensity) parameters, respectively. Precision parameter (𝜙) was also computed. 
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Precision is the inverse of variance, which means that higher 𝜙 values represent smaller variance 
of the variable (Cribari-Neto and Zeileis 2010). 
Regression parameters were estimated through maximum likelihood, and interval 
estimates were constructed based on asymptotic normality of maximum likelihood estimates, i.e., 
Wald theory (Wald 1939). Reduced models (having a common slope parameter (𝛾1) across all 
field sites or years) were compared with full models (having a separate slope parameter for each 
site or year) in individual plants and quadrats using the likelihood ratio test (Buse 1982). 
Impact of DOY on yield and yield components. Harvested yield components for 
individual plants, and grain yield for quadrats, were averaged over each SDS foliar symptom 
onset time. Calculated means of soybean yield and yield components were graphed against 
DOY. Model fits were evaluated through residual and QQ-normality plots. The assumption of 
equal variance for ordinary least square regression was not met, therefore, weighted least squares 
linear regression (Nelder and Wedderburn 1972) was used to model the impact of DOY of SDS 
onset on soybean yield and yield components using the lm function in R (Team 2017). Weighted 
least square regression is a simple and effective method to counteract the influence of the higher 
concentrations of data points on the fitted regression line (Almeida et al. 2002). Weighted model 
balances the regression line to generate an error that is uniformly distributed (Singtoroj et al. 
2006). The weighting factor 𝑤𝑖 for soybean yield (in quadrats) or yield components (in 










Both percent yield loss and yield gap data were analyzed using the weighted linear 
regression method to estimate the impact of SDS foliar symptom onset time on these yield 
parameters.  
Results 
Foliar symptom onset.  
Plant scale. In individually tagged plants, SDS foliar symptom onset began 55, 65 and 62 
days after planting (DAP) in commercial soybean fields located in the Boone, Hamilton, and 
Webster counties, respectively (Table 2). At Hinds Farm, SDS foliar symptom onset started 64 
DAP (Table 2). Soybean plants at Hinds Farm and Boone County field showed the highest 
disease pressure, with low disease progress rates for SDS foliar severity during earlier soybean 
growth stages, and fast disease progress observed at growth stages near maturity (Figure 1). In 
contrast, disease progress was low throughout the season in plants tagged in fields in Hamilton 
and Webster counties. 
Quadrat scale. A range of SDS foliar severity and incidence was observed in soybean 
quadrats at Marsden Farm in all seasons. However, foliar symptom onset commenced earlier and 
progressed more rapidly in 2016 than in 2017 and 2018 (Figure 2A, 2B and 2C). At Hinds Farm, 
symptoms started developing earlier than at Marsden Farm in 2018 and overall SDS severity was 
higher throughout the season (Figure 2D). At Marsden Farm, SDS foliar symptom onset 
commenced after 66, 94 and 92 DAP in 2016, 2017 and 2018 respectively, and at Hinds Farm, 
onset began after 64 DAP (Table 2). At both research farms, SDS foliar incidence and severity 
progressed slowly for the first three to four weeks after disease onset, followed by fast progress 
in subsequent weeks (Figure 2). 
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Relationship between SDS onset time and final disease intensity. 
Plant Scale. Beta regression analysis indicated that estimates of slopes (𝛾1), i.e. the rate 
of change in final SDS severity over foliar symptom onset time, were consistent and stable 
across all field sites (Figure 3). However, estimates of the intercept parameter (𝛾0) differed 
substantially (Table B1). Intervals of slope estimates overlapped across all field sites, showing 
that DOY of SDS onset has a consistent effect on final severity in individual soybean plants 
across all field sites (Figure 3). Estimates of the dispersion parameter (φ) also varied to some 
extent, especially for the Hinds Farm. Scatter plots of final severity against DOY of SDS onset 
with fitted regression curves indicate that the portion of the logistic curve visible in the range of 
data is quite variable (Figure 4). Intercept parameter (𝛾0) values control this phenomenon for 
different locations. 
Comparison of reduced model (𝑙𝑅) (with a common slope across all sites) with the full 
model (𝑙𝐹) (with separate slope parameters for each site) showed that final SDS severity can be 
modeled across all commercial fields with a common slope parameter (𝛾1  =  −0.045) among 
the commercial fields (Table B2). Table 3 represents the estimates of intercept and precision in 
the final model with a common slope estimate. This relationship was modeled separately for 
plant scale data obtained at Hinds Farm (Table B1). 
Quadrat Scale. Estimates of intercept and precision parameters varied across all sites 
and years in soybean quadrats, but estimates of the slope for the relationship between final SDS 
severity and incidence against time of foliar symptom onset were quite similar, when Hinds 
Farm data was excluded (Table B3 and Table B4). Scatter plots of final severity and incidence 
against DOY of SDS foliar symptom onset with fitted regression curves are given in Figure 5. 
Comparison of the reduced model (having a common slope across all years and farms) with the 
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full model (having separate parameters across all years and farms), for the relationship of DOY 
of SDS onset with final severity and incidence, showed that final severity and incidence can be 
modeled with a common slope parameter of (𝛾1  =  −0.088) and (𝛾1  =  −0.113) respectively 
across all years at Marsden Farm (Table 4) when Hinds Farm data is not included (Table B5 and 
Table B6). These relationships were modeled separately for quadrats at Hinds Farm (Table B3 
and Table B4).  
Relationship between SDS onset time and yield. 
Plant Scale. DOY of SDS foliar symptom onset significantly affected soybean yield 
components on plants tagged at Hinds Farm and the grower field in Boone County (Figure 6). 
Except for number of seeds per pod and 100-seed weight per plant, all yield components were 
significantly affected by DOY of SDS onset. 
The DOY of SDS onset significantly affected the number of pods per plant, with a slope 
of 1.0 (R2 = 95.6%) at Hinds Farm and 0.4 in Boone County (R2 = 81.8% and 60.4% in Boone 1 
and Boone 2, respectively), indicating a gain of 1.0 and 0.4 pods per plant for each day SDS 
foliar symptom onset is delayed (Figure 6A). 
The total number of seeds per plant were significantly affected by DOY of SDS foliar 
symptom onset. The slope of the linear regression was 2.4 (R2 = 94.2%) at Hinds Farm, 1.1 (R2 = 
82.7%) in Boone 1, and 1.0 (R2 = 61.1%) in Boone 2, representing a gain of 2.4, 1.1 and 1.0 
seeds per plant, for each day that SDS foliar symptom onset is delayed (Figure 6B). 
The total seed weight per plant (g) was also significantly affected by DOY of SDS foliar 
symptom onset, with a slope of 0.3 and an R2 = 93.5% at Hinds Farm, and a slope of 0.1 (R2 = 
78.1% and 64.8% for Boone 1 and Boone 2, respectively) in Boone County. These values 
represent a gain of 0.3 and 0.1 g in seed weight for each day of delay in SDS onset (Figure 6C). 
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Quadrat Scale. The DOY of SDS foliar symptom onset in soybean quadrats had a 
significant positive linear relationship with soybean grain yield at Marsden Farm in 2016 and 
2017 (Figure 7A). DOY of SDS onset explained 97.3% and 93.5% of the variation in grain yield 
in 2016 and 2017, respectively, at Marsden Farm. The yield damage function (slope) was 31.3 
and 30.5 kg/ha per day, indicating that for each day that SDS onset was delayed, soybean yield 
increased by 31.3 and 30.5 kg/ha in 2016 and 2017, respectively. However, this relationship was 
not significant in 2018. At Hinds Farm, DOY of SDS foliar symptom onset explained 88.0% of 
the variation in soybean grain yield with a slope of 9.6 kg/ha, representing an increase of 9.6 
kg/ha in yield for each day that SDS onset was delayed (Figure 7A). 
Yield loss (%) had a significant negative linear relationship with DOY of SDS foliar 
disease onset in 2016 and 2017, but not in 2018, at Marsden Farm (Figure 7B). DOY of SDS 
onset explained 91.0% and 91.4% of the variation in percent soybean grain yield loss in 2016 
and 2017, respectively, with the slope of –0.6, indicating that soybean yield loss decreased by 
0.6% per ha for each day SDS onset was delayed. In 2016, the highest yield loss (26%) was 
recorded in soybean quadrats where SDS was first observed on July 27 (R3 growth stage = 
beginning pod formation). In 2017, SDS foliar symptoms were first observed on August 17 (R5 
growth stage = beginning seed formation) and in those quadrats, maximum yield loss was 15%. 
At Hinds Farm, this relationship was not significant (Figure 7B). Yield gap had a significant 
negative linear relationship with DOY of SDS onset in 2016 and 2017 at Marsden Farm, with 
DOY explaining 89.0% and 91.4% of the variation in yield gap (Figure B1). The yield gap 
function (slope) was –19.2 and –25.1 kg/ha in 2016 and 2017, respectively, indicating that for 
each day that SDS onset was delayed, soybean yield gap decreased by 19.2 and 25.1 kg/ha. 
However, this relationship was not significant at Marsden and Hinds Farm in 2018 (Figure B1).  
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Discussion 
Quantitative knowledge concerning the impact of plant disease onset time on final 
disease intensity and crop yield can help predict final disease levels and estimate yield losses, 
thereby supporting cost-effective disease management decisions (Madden et al. 2007; Nutter 
2007). This study provides new quantitative information regarding the impact of SDS foliar 
symptom onset time on final disease intensity and soybean yield. Our findings, from both 
individual soybean plants and quadrats, suggest that SDS foliar symptom onset time has a strong 
negative relationship with final SDS intensity, and a strong positive relationship with soybean 
yield and yield components. These results suggest that if growers can successfully delay SDS 
foliar symptom expression, they may limit SDS progression and minimize yield losses due to 
SDS. 
SDS foliar symptom onset time had a consistent effect on final disease intensity in 
individual soybean plants evaluated in different commercial fields (2018) and in quadrats 
evaluated at the Marsden Farm (2016-2018). In both individual soybean plants and quadrats, 
fitted beta regression models to quantify the impact of SDS onset time on final disease levels 
showed a similar slope (rate of change in final disease intensity) across all commercial fields in 
2018 and years in Marsden Farm (2016-2018). However, the intercept parameter, i.e. final 
disease levels on plants/quadrats where the earliest SDS onset was observed, were different. Data 
from Hinds Farm were modeled separately because this site was artificially inoculated and 
showed a different slope parameter compared to commercial fields (in individual plants) and 
Marsden Farm (in quadrats) (Figure 4 and Figure 5). Despite different DOY of SDS onset across 
all locations, except Hinds Farm, a consistent effect of time of SDS foliar symptom onset on 
final disease intensity (i.e., a similar slope) was striking. This quantitative information can help 
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growers anticipate final disease levels and resultant yield loss in their fields which, in turn, can 
provide the basis for action thresholds that can support grower decisions on the application of a 
specific management tactic (Zadoks 1985). 
In both individual plants and quadrats, final disease intensity was different in all 
commercial fields and research experiments (Figure 1 and Figure 2). Individual plants or 
quadrats that showed early expression of SDS foliar symptoms provided ample time and tissue 
area for disease progress before plant senescence. On the other hand, soybean plants or quadrats 
expressing SDS later had a short time for exponential progress of SDS foliar symptoms before 
senescence. Besides time of SDS onset, other possible reasons for different final disease levels 
across field sites and years can be differences in locations, environment, cultivar’s genetics, and 
inoculum levels, which would affect disease progress rate and subsequently the final disease 
intensity. Individual plants at Hinds Farm and Boone County field had higher disease pressure 
and final disease than fields in Hamilton and Webster counties, which had less final disease 
severity despite similar time of disease onset (Figure 1). However, soybean quadrats at Marsden 
Farm in 2016 and Hinds Farm 2018 had early SDS onset, high disease pressure, and final 
disease, compared to quadrats at Marsden Farm in 2017 and 2018, which had SDS onset late in 
season and low final disease intensity. 
The impact of time of SDS onset on yield components was studied in individual soybean 
plants. Of the five soybean yield components studied at plant scale, only the number of pods per 
plant, number of seeds per plant, and total seed weight per plant were significantly affected by 
SDS foliar symptom onset time, and only in Boone County and Hinds Farm. The strong negative 
relationship indicates that a delay in foliar symptom onset resulted in greater number of pods, 
number of seeds per plant and total seed weight per plant. However, these relationships were not 
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significant in soybean fields at Hamilton and Webster counties. This non-significant relationship 
can be due to low SDS foliar severity in those fields. Previous studies showed no effect on 
soybean yield when SDS symptoms were low during or after pod-filling stage (Hershman et al. 
1990; Kandel et al. 2016a). Our results provide a quantitative basis for previous hypothetical 
claims that SDS reduces yield when severe symptoms develop during early reproductive stages 
(Anderson et al. 2015; Hartman et al. 1995; Njiti et al. 1998; Rupe et al. 1993). 
Several studies have described the mechanisms involved in soybean yield loss due to 
SDS. Early expression of SDS foliar symptoms can reduce photosynthetic area on plant leaves, 
which disturb photosynthetic capacity and may affect soybean yield formation at early growth 
stages (Welter 1993). Severe infections during early reproductive stages, such as flowering and 
pod formation (R1-R5), cause cessation of flowers and pods resulting in drastic reductions in the 
number of pods with a resultant decrease in seed numbers (Hershman et al. 1990; Luo et al. 
2000; Melgar et al. 1994; Roy et al. 1997). Severe SDS symptoms during seed filling stages (R5-
R7) usually result in reduced seed size (Luo et al. 2000; Roy et al. 1997) because of reduced seed 
growth rate and decreased photosynthetic supply (Board and Kahlon 2011) or perhaps due to 
arrested plant development, premature plant death, impaired capacity of the diseased plant to 
produce seed dry matter, or combinations of all these factors (Jeffers 1987). This reduction in 
pods, seed numbers and seed weight (due to reduction in seed size) results in significant yield 
loss due to SDS (Hartman et al. 1995; Luo et al. 2000; Njiti et al. 1998; Roy et al. 1997; Rupe et 
al. 1993). SDS can also result in an increased number of dead and hard seeds in individually 
harvested soybean plants (Rupe et al. 1993). However, we did not count the dead and hard seeds 
in this study. 
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We did not find significant relationship between DOY of foliar symptom onset and 
number of seeds per pod and 100-seed weight at any location. Our results suggest that these yield 
components are not affected by SDS foliar symptom onset time. Although number of seeds per 
pod is a good yield determinant, it appears to be a conserved parameter, as the number of seeds 
typically range between 2 to 4 per pod. Previous studies also report no significant relationship 
between foliar SDS and number of seeds per pod (Luo et al. 2000; Njiti et al. 1998). 
The impact of SDS foliar symptom onset time on soybean grain yield (kg/ha) was 
monitored in soybean quadrats. SDS onset time significantly affected soybean yield at Marsden 
Farm in 2016 and 2017 and Hinds Farm in 2018; yield increased as the DOY of SDS foliar 
symptom onset was delayed. Studies have found that soil moisture significantly influence both 
SDS development (Leandro et al. 2013; Melgar et al. 1994; Rupe et al. 1993; Scherm and Yang 
1996) and soybean yield formation (Meckel et al. 1984; Wijewardana et al. 2018), especially at 
reproductive growth stages (R1-R6). At these growth stages, an ample amount of soil moisture 
drives both foliar SDS expression and yield formation, which increases variability in both SDS 
foliar intensity and soybean yield data and reduces their correlation. Also, SDS is known to 
occur in high soybean yield potential environments (Rupe et al. 1993). Therefore, yield losses 
due to SDS are often complex and difficult to demonstrate experimentally. However, this study 
identifies the time of SDS foliar symptom onset as a strong predictor of soybean yield and yield 
components. 
We also found that, despite fast disease progress, yield loss (damage) due to SDS was 
negligible when SDS symptoms expressed near crop maturity (Figure 7A and Figure 7B). At 
Marsden Farm, the fastest rate of disease progress in SDS foliar intensity was observed after 
August 15, in 2016 (R5 growth stage) and August 31 in 2017 and 2018 (R6 growth stage = full 
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seed). However, yield losses were negligible in soybean quadrats where SDS onset occurred 
after the R5 growth stage. Similarly, at Hinds Farm, greater disease progress was observed after 
August 6, 2018 (R4 growth stage = full pod) but soybean quadrats showing SDS foliar symptom 
onset after that date had negligible yield loss. These results support previous observations that 
late onset of SDS does not reduce soybean yield (Hartman et al. 1995; Hershman et al. 1990; 
Kandel et al. 2016a; Njiti et al. 1998; Roy et al. 1997). Earlier research suggests that besides the 
severity of insects or diseases, the timing of attacks can also affect yield responses (Board and 
Kahlon 2011). Soybean yield is sensitive to stresses, especially during flowering/pod formation 
(R1-R5) and during seed filling (R5-R7). Therefore, yield loss can be twice as high for the R1-
R6 compared to R6-R7 periods (Board and Kahlon 2011). In severe disease conditions, SDS 
causes defoliation, and if defoliation occurs near the start of seed filling (R5) it can significantly 
affect soybean seed yield (Fehr et al. 1977; Fehr et al. 1981; Gazzoni and Moscardi 1998; Goli 
and Weaver 1986). However, if defoliation is delayed past R5, yield losses can be alleviated to 
half even at 100% defoliation (Board and Kahlon 2011; Goli and Weaver 1986). 
The results from this study illustrate that SDS onset time is a strong predictor for final 
SDS intensity and soybean yield in grower fields, a finding not previously reported. This strong 
relationship suggests that time of SDS foliar symptom onset should be considered when 
predicting SDS epidemics and soybean yield losses due to SDS. Yield loss information is 
valuable when making optimal and cost-effective disease management decisions, facilitating 
efficient allocation of management resources and making yield predictions (Madden et al. 2007; 
Nutter 2007). This information is also vital in determining the economic importance of diseases 
to prioritize research budgets, assessing economic benefits of potential disease management 
practices and policy-making (Cooke 2006; McKirdy et al. 2002; Redinbaugh et al. 2010). 
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Monetary loss cannot be estimated from the percent yield loss data unless the actual and 
attainable yields are known (Nutter 2007; Nutter and Guan 2001). Therefore, yield gap 
(attainable yield minus actual yield) information can offer economic loss figures because it 
provides actual units of yield, such as kg/ha (McKirdy et al. 2002). Yield gap information can 
also offer a basis for the ranking of different biotic and abiotic stresses to prioritize disease-
related research focused on minimizing these yield gaps. 
The monetary impact of SDS foliar symptom onset time on soybean yield can be 
quantified by relating current market prices with yield damage function (slope) relating DOY of 
SDS onset to yield. For example, Byamukama et al. (2015) coupled a range of soybean prices 
($10 to $20 per bushel) with damage functions (slopes), relating time of bean pod mottle virus 
(BPMV) infection and soybean yield gap, and determined that gross farm revenue would have 
increased by $14.80 - $28.16/ha for each day delay in BPMV infection. Similar calculations can 
be made with SDS onset time. However, the damage function cannot be generalized across fields 
because of site-specific factors that affect yield loss. Site-specific factors should also be modeled 
for conducting economic analysis. However, final SDS intensity can be predicted in grower 
fields as the slopes relating DOY of SDS onset with final SDS intensity were similar across 
different sites. 
One future application of our study is that growers can identify different zones within a 
field with early or delayed foliar symptom onset time, and prioritize management actions in areas 
of field that are at higher risk. Growers can deploy management tactics, such as resistant 
varieties (Hartman et al. 2015b; Kandel et al. 2016b), seed treatments (Kandel et al. 2016b) and 
crop rotation (Leandro et al. 2018) to delay SDS foliar symptom expression in high risk years. 
Information obtained in this study should also help breeders in developing resistant varieties that 
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can delay SDS foliar symptoms to maximize soybean yield production. Future studies should be 
conducted in different environments to evaluate different management tactics for their ability to 
delay SDS foliar symptom onset, and consequently reduce final disease and yield loss.  
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Table 1: Location, cultivar, planting date and inoculation information of grower fields and experimental plots at Hinds Farm in Iowa, 
where individual soybean plants were tagged for disease and yield data collection in 2018. All locations had corn as the previous crop 
and used no-tillage.  
Location/Farm Cultivar Planting date Inoculation a 
Boone Pioneer P24A99X May 18 No 
Hamilton Syngenta NK-S24-S1 May 15 No 
Webster Asgrow-2636 May 18 No 
Hinds 
Pioneer P20T79R2 and  
Syngenta NK-S24-K2 
May 10 Yes 
a Inoculation: Growers fields were naturally infested. Micro-plots at Hinds Farm were artificially inoculated using different 





Table 2: SDS foliar symptom onset dates, days after planting (DAP), number of repeated disease assessments (weeks) and total 












Boone 2018 12 July 55 9 198 1782 
Hamilton 2018 19 July 65 6 198 1188 
Hinds 2018 13 July 64 8 106 848 
Webster 2018 19 July 62 5 198 990 
Quadrat 
Hinds 2018 13 July 64 8 60 480 
Marsden 2016 27 July 66 6 240 1440 
2017 17 August 94 5 120 600 






Table 3: Parameter estimates of intercept (𝛾0) and precision (φ) in the final model with a common slope estimate (𝛾1  =  −0.045) of 






Point a Interval b Point Interval 
Boone 1 0.463 (0.245, 0.681)  0.28 (0.098, 0.157) 
Boone 2 0.664 (0.422, 0.907)  0.176 (0.137, 0.214) 
Hamilton 1 -0.918 (-1.152, -0.683)  0.096 (0.068, 0.124) 
Hamilton 2 -1.792 (-1.915, -1.669)  0.014 (0.010, 0.019) 
Webster 1 -2.028 (-2.159, -1.898)  0.013 (0.008, 0.018) 
Webster 2 -2.113 (-2.222, -2.005)  0.010 (0.007, 0.014) 
a Estimated value of parameter 







Table 4: Parameter estimates of intercept (𝛾0) and precision (φ) in the final model with a common slope estimate (𝛾1) of final 
severity (-0.088) and incidence (-0.113) in soybean quadrats. The approximate 95% confidence interval was (-0.098, -0.079) and (-
0.127, -0.099) for final severity and incidence, respectively.  
Sites 
Final SDS severity  Final SDS incidence 
𝜸𝟎 φ  𝜸𝟎 φ 
Point a Interval b Point Interval  Point Interval Point Interval 
Marsden 2016 2.646 (2.351, 2.942) 0.111 (0.092, 0.130)  2.840 (2.441, 3.239) 0.266 (0.229, 0.303) 
Marsden 2017 -1.075 (-1.220, -0.929) 0.059 (0.041, 0.077)  -1.760 (-1.951, -1.568) 0.062 (0.043, 0.081) 
Marsden 2018 -0.337 (-0.546, -0.127) 0.125 (0.095, 0.155)  0.280 (-0.546, -0.127) 0.100 (0.081, 0.125) 
a Estimated value of parameter 





Figure 4: SDS foliar severity progress in individual soybean plants tagged in commercial 
soybean fields. Each point is showing the mean SDS foliar severity on individual plants tagged at 
Hinds Farm (n = 106) and in Boone (n = 198), Hamilton (n = 198), and Webster (n = 198) 
































Figure 5: SDS foliar severity and incidence progress in soybean quadrats marked in 
experimental plots at Marsden Farm in 2016 (A), 2017 (B)  and 2018 (C), and Hinds research 
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Figure 6: Estimates of the slope parameter (𝛾1) and 95% confidence interval for final SDS 
severity against time of foliar symptom onset in individual soybean plants tagged in commercial 
























Figure 7: Scatterplots of final SDS severity against the time of SDS foliar symptom onset with 
fitted regression curves in individual soybean plants tagged in the Boone (A & B), Hamilton (C 
& D)  and Webster (E & F) counties of Iowa and at Hinds Research Farm of Iowa State 
University (G). 


























































































































































































Figure 8: Scatterplots of final SDS severity and incidence against time of SDS foliar symptom 
onset with fitted regression curves in soybean quadrats marked in experimental plots at Marsden 
Farm in 2016 (A & B), 2017 (C & D) and 2018 (E & F), and Hinds Research Farm of Iowa State 
University in 2018 (G & H). 


















































































































































































































Figure 9: Relationship between soybean sudden death syndrome foliar symptom onset time and 
(A) number of pods per plant, (B) number of seeds per plant and (C) Total seed weight per plant 
(g) in soybean plants tagged at Hinds Farm (solid triangle) and in Boone County (Boone 1 = 




















































































Hinds = - 182.7 + 1.0x, R² = 95.6%
Boone 1 = - 46.5 + 0.4, R² = 81.8%
Boone 2 = - 49.8 + 0.4x, R² = 60.4%
Hinds = - 431.7 + 2.4x, R² = 94.2%
Boone 1 = - 126.7 + 1.1x, R² = 82.7%
Boone 2 = - 130.8 + 1.0x, R² = 61.1%
Hinds = - 55.7 + 0.3x, R² = 93.5%
Boone 1 = - 17.6 + 0.1x, R² = 78.1%
Boone 2 = - 18.0 + 0.1x, R² = 64.8%
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Figure 10: Relationship between soybean sudden death syndrome foliar symptom onset time and 
(A) yield (kg/ha) and (B) yield loss (%) in soybean quadrats for Marsden Research Farm in 2016 


















9-Jul 29-Jul 18-Aug 7-Sep 27-Sep
Foliar disease onset (Date)




















2016: y = – 3902.5 + 31.3x, R² = 97.3% 
2017: y = – 3542.2 + 30.5x, R² = 93.5% 
2018: y = F-statistic not significant
Hinds: y = 1576.2 + 9.6x, R² = 88.0% 
2016: y = 142.3 – 0.6x, R² = 91.0% 
2017: y = 154.2 – 0.6x, R² = 91.4% 
2018: y = F-statistic not significant
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RESOLUTION SATELLITE IMAGERY 
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Abstract 
Sudden death syndrome (SDS) is one of the major yield-limiting soybean diseases in the 
Midwest. Effective management for SDS requires accurate detection in soybean fields. Since 
traditional scouting methods are time-consuming, labor-intensive, and often destructive, 
alternative methods to monitor SDS in large soybean fields are needed. This study explores the 
potential of high-resolution (3 m) PlanetScope satellite imagery for early and accurate detection 
of SDS using the random forest classification algorithm. Image data from red, blue, green, and 
near-infrared (NIR) spectral bands, a calculated normalized difference vegetation index 
(NDVI), and crop rotation information were used to detect healthy and SDS-infected quadrats 
in a soybean field experiment with different rotation treatments, located in Boone, Iowa. Data 
collected during the 2016, 2017, and 2018 soybean growing seasons were analyzed in this 
study. The results indicate that spectral features, when combined with ground-based 
information, can accurately predict SDS risk in soybean plots, even before foliar symptoms 
develop. Accuracy of classification of healthy and diseased soybean quadrats was > 74% and 
area under the receiver operating characteristic curve (AUROC) was > 70% in the three 
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growing seasons. These results suggest that high-resolution satellite imagery may be useful for 
detecting SDS in soybean fields. Our findings highlight that this technology may facilitate 
large-scale monitoring of SDS and possibly other economically important soybean diseases to 
guide recommendations for site-specific management in current and future seasons. 
Introduction 
Plant disease epidemics cause substantial economic losses in agricultural settings 
worldwide (Madden et al. 2007). Monitoring plant health and detecting plant diseases at early 
growth stages are essential to control disease spread and facilitate sustainable, environment-
friendly and cost-effective management practices (Martinelli et al. 2015) in growers’ fields. This 
paper focuses on the use of satellite imagery to detect soybean sudden death syndrome (SDS), a 
disease of significant economic importance in North and South America (Bandara et al. 2019; 
Hartman et al. 2015; Wrather et al. 2010). The disease is caused by Fusarium virguliforme (Fv), 
a soilborne fungal pathogen (Aoki et al. 2003), and is widely distributed across 23 U.S. states, 
including those accounting for most U.S. soybean production. During the years from 2006 to 
2014, annual yield losses in the U.S. due to SDS were estimated at between 0.6 to 1.9 million 
metric tons (Allen et al. 2017), representing 200 to 750 million dollars in monetary losses (Navi 
and Yang 2016). 
The pathogen starts infecting roots during early soybean growth stages (Gao et al. 2006; 
Rupe and Gbur 1995) and causes poor root development due to root rot (Hartman et al. 2015). 
Root infections are favored by cool, wet soil environments (Gongora-Canul and Leandro 2011; 
Scherm and Yang 1996). Foliar symptoms of interveinal chlorosis and necrosis typically appear 
during reproductive stages (Navi and Yang 2008) and cause premature defoliation and 
senescence under severe disease pressure (Roy et al. 1997). Early foliar symptoms commence as 
102 
yellow traces on lower leaves, which makes disease detection difficult at earlier stages. 
Abundant soil moisture favors SDS foliar symptom expression (Leandro et al. 2013; Scherm and 
Yang 1996), whereas infected plants may not develop foliar symptoms under dry field 
conditions. 
Scouting for SDS foliar symptoms is made difficult by the relatively late onset of foliar 
symptom expression, which often occurs after the soybean canopy has closed, and by the patchy 
distribution of SDS in soybean fields. Scouting for symptomatic plants is time-consuming, and 
confirmation of Fv infection requires destructive sampling (Bajwa et al. 2017). A convenient and 
effective method is needed to monitor and quantify SDS in the field. 
Remote sensing technology has proven to be a practical, noninvasive tool for monitoring 
crop growth and assessing plant health (Barton 2012; Mahlein 2016). Healthy and diseased plant 
canopies absorb and reflect incident sunlight differently due to changes in leaf and canopy 
morphology and chemical constituents, such as reduced biomass, chlorosis, and pigment content 
(Jacquemoud and Ustin 2001; Zwiggelaar 1998). Changes in plant canopy reflectance serve as 
key spectral signatures (Nilsson 1995; West et al. 2003) and can be detected through remote 
sensing in the visible and NIR regions (Barton 2012; Mahlein 2016; Martinelli et al. 2015). 
Vegetation indices (VIs), such as normalized difference vegetation index (NDVI), combine 
information from multiple wavebands in the visible and NIR regions of the light spectrum. 
Several VIs can serve as spectral signatures for distinct physiological and biochemical processes 
in the plant canopy (Thenkabail et al. 2000) and may identify changes in plant health even before 
visible symptoms are apparent. Incorporating VIs in data analysis can improve automated 
disease detection accuracy (Bajwa et al. 2017; Herrmann et al. 2018; Kalischuk et al. 2019; 
Rumpf et al. 2010; Zheng et al. 2018). 
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Recently, successful investigations have been made for the early detection of SDS in 
soybean leaves (Bajwa et al. 2017; Herrmann et al. 2018) and canopies (Hatton et al. 2018; 
Herrmann et al. 2018) using handheld, tractor-mounted, and unmanned aerial vehicle (UAV) 
mounted remote sensing tools. Although these tools have proven to be promising for early 
detection of SDS, they still require investment in time, capital for operators, personnel, and 
costly overhead expenditures for data collection. Also, despite being cutting-edge tools, they can 
be expensive and cumbersome for growers to operate and maintain in a commercial system. Data 
generated from these tools often lack spatial information and require additional processing to be 
coupled with geographic information system (GIS) and global positioning system (GPS) tools for 
targeted and site-specific management applications. 
High-resolution multispectral satellite imagery has not yet been explored for its potential 
for early detection of SDS at a larger scale. Recently, there has been a growing interest in using 
high-resolution multispectral satellite images to monitor crop diseases (Yuan et al. 2016; Yuan et 
al. 2014; Zheng et al. 2018). Satellite imagery, in comparison with ground-based and aerial 
remote sensing platforms, covers a wide swath and can provide high temporal resolution 
(frequent revisit time). Image acquisition costs vary considerably depending on the provider and 
product specifications, but more low-cost or free image products are commonly available now 
than in the past. For example, PlanetScope is a 4-band multispectral satellite that collects 
imagery at 3-m spatial resolution with 1 to 10-day temporal resolution (Planet Labs 
https://www.planet.com/). PlanetScope ortho scenes are geo-rectified, i.e., processed to remove 
distortions caused by tilt and terrain, radiometrically and atmospherically corrected, and 
projected. Greater access to low-cost, multispectral, high-resolution satellite imagery provides 
opportunities for scientists to combine these large datasets with advanced artificial intelligence 
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technologies (Mahlein 2016) and devise reliable automated systems for accurate disease 
detection and diagnosis. 
Different machine learning classification methods, such as support vector machines 
(SVM), artificial neural networks (ANNs), linear discriminant analysis (LDA) and random forest 
(RF) (Bajwa et al. 2017; Herrmann et al. 2018; Mohanty et al. 2016; Rahman et al. 2017; Rumpf 
et al. 2010; Wang et al. 2008; Zheng et al. 2018), have been used for early detection of plant 
diseases based on remote sensing data. Random forest is a flexible and powerful machine 
learning classifier (Breiman 2001) that has been utilized in the classification of remote sensing 
based information (Liu et al. 2018; Mahdianpari et al. 2017; Melville et al. 2018; Pelletier et al. 
2016; Tian et al. 2016; Zheng et al. 2018). The random forest classifier can handle huge, 
multidimensional datasets and performs both classification and regression functions without 
over-fitting the model (Breiman 2001; Dietterich 2000). The RF algorithm also evaluates the 
predictive importance of input features, such as reflectance wavebands in our study, hence 
supporting feature selection for subsequent analysis (Breiman 2001). 
Detecting and mapping plant diseases in crop fields and larger scales can provide useful 
information to support grower decisions for site-specific management applications in precision 
agriculture settings. Advanced data analytics, such as machine learning, can further enhance the 
efficiency of such automated disease detection systems, improving targeted disease management 
applications in sustainable crop production systems. Site-specific management tactics, such as 
planting resistant soybean varieties and using diverse crop rotations (Leandro et al. 2018) in 
infested areas, have the potential to significantly reduce harmful chemical seed treatment 
applications and, thus, the economic expense and ecological impact in soybean production 
systems. 
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The objective of this study was to detect SDS using high-resolution satellite imagery 
collected over different vegetative and reproductive growth stages of the soybean crop in a long-
term crop rotation field trial with a history of rotation-influenced differences in SDS symptom 
intensity (Davis et al. 2012; Gómez et al. 2013; Liebman et al. 2008). We hypothesized that 
spectral data based on RGB, NIR and NDVI, combined with ground-based crop rotation 
information, would allow early detection of SDS in larger field-scale plots. We used 4-band 
PlanetScope multispectral imagery for the 2016 to 2018 soybean growing seasons, along with 
crop rotation information, and analyzed the data using the random forest algorithm for SDS 
detection.  
Materials and Methods 
The proposed method for data processing and analysis for the detection SDS is illustrated 
in Figure 1. The method encompasses six key components: 1) image acquisition and data 
extraction, 2) normalized difference vegetation index (NDVI) calculation, 3) exploration and 
preparation of input datasets, 4) training and inspection of the random forest model, 5) model 
classification of diseased or healthy status, and 6) assessment of classification accuracy.  
Study site 
Data for this study were collected from an ongoing soybean field experiment located at 
Iowa State University’s Marsden Farm, in Boone County, Iowa (Davis et al. 2012; Gómez et al. 
2013; Liebman et al. 2008). This experiment (345 m x 185 m) was established in 2001 as a 
randomized complete block design (RCBD) with four blocks. Each block consists of nine main 
plots (18 m x 84 m) with two subplots (9 m x 84 m) within each main plot (Figure 2). Three 
cropping systems (consisting of 2-year, 3-year, and 4-year crop rotation sequences in 
combination to different fertility regimes) were applied to main plots, and weed management 
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regimes were applied to subplots within main plots (Leandro et al. 2018). No artificial Fv 
inoculum was added to the field plots in this experiment. However, soybean plots in this 
experiment have displayed a range of SDS levels (Leandro et al. 2013) every year since 2010. 
Therefore, this site was chosen to test using satellite imagery for SDS detection. 
The 2-year cropping system was planted to corn and soybean in alternate years and 
managed with extension-recommended practices and applications of synthetic fertilizers. In the 
3-year cropping system, an oat-red clover forage mix was planted in the year after soybean and 
before corn. In the 4-year cropping system, oats and alfalfa were seeded in the 3rd year and 
followed by alfalfa in the 4th year. Crop nutrients for the 3-year and 4-year cropping systems 
were provided via applications of composted cattle manure and reduced rates of synthetic 
fertilizers. All crop phases of the three rotation systems were planted each year. 
The soybean variety ‘Latham L2758 R2’, a maturity group 2.7 variety rated as resistant to 
SDS, was planted on 21 May in 2016, 15 May in 2017 and 17 May in 2018. Each soybean main 
plot consisted of 24 rows with a row spacing of 0.76 m. For data collection, quadrats (3 m W × 
1.5 m L) were flagged 8.4 m apart in the outer six rows along both sides of the plot, resulting in 
20 quadrats in each soybean main plot (Figure 2). Center coordinates for each quadrat were 
collected using a Trimble GeoXT DGPS. Each quadrat spanned four soybean rows.  
Disease assessment 
SDS foliar incidence, i.e., the percentage of plants in a quadrat with foliar symptoms 
(Nutter Jr et al. 1991), was assessed weekly in all soybean quadrats, from the time of initial foliar 
symptom onset in the trial until crop senescence. For analysis, soybean quadrats were assigned to 
two main classes, i.e., healthy or diseased, based on foliar symptom incidence. Soybean quadrats 
with no foliar symptoms or less than 5% foliar disease incidence were classified as healthy 
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quadrats, while quadrats showing more than 5% foliar incidence at the end of the season were 
classified as diseased quadrats.  
Imagery acquisition 
PlanetScope (PS) satellite imagery was acquired from Planet Labs (San Francisco, CA), a 
private imaging company. PS satellites orbit at 400 km (51.6° inclination) altitude and can 
provide images with RGB (red, green, blue) and NIR (near-infrared) data (Table 1). The image 
product is delivered as a continuous, split-frame strip with half-frames containing RGB and NIR 
imagery. 
We utilized PS ortho scenes (Planet Labs image product Level 3B) which are 
orthorectified (i.e., processed to remove geometric distortions caused by tilt and terrain) and 
radiometrically and sensor corrected. The geometric correction was based on Digital Elevation 
Models (DEMs) with a post spacing between 30 and 90 m. Ortho scenes were projected to the 
Universal Transverse Mercator (UTM) WGS84 cartographic projection prior to product delivery. 
The PS ortho tile product included a single strip of multiple orthorectified scenes which were 
merged and divided according to a defined grid. The 3-m resolution ortho scenes were obtained 
for the months of July and August in all years. We obtained 4, 15 and 18 cloud-free ortho scenes 
in 2016, 2017 and 2018 respectively.  
Data extraction 
Soybean plot locations varied from year to year and followed crop rotation sequences 
assigned to main plots. Quadrat locations for each year were described by shapefiles, which 
included crop rotation information (2-year, 3-year or 4-year) and quadrat health status at the end 
of the season (SDS incidence reached 5% or higher, or plants remained healthy). For data 
extraction from satellite images and subsequent analysis, soybean quadrats were generalized to 
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large quadrats (8.6 m W × 9.1 m L) (Figure 2). Via the ArcPy Python API (Toms 2015), the 
ArcGIS Zonal statistics tool was used to calculate the mean values of all image pixels that are 
covered by each quadrat, repeated for each of the four bands (R, G, B and NIR). This process 
was repeated for each of the images obtained for a given year, so that each quadrat polygon 
feature contained the crop rotation type, the mean R, G, B and NIR values of the pixels covered 
by the polygon, a calculated NDVI value (explained below), and a binary value for SDS health 
status. Crop rotation, R, G, B, NIR and NDVI were then used as exploratory variables, and SDS 
status was used as the “ground truth” response variable. 
A practical example of the data extraction process via Python is given as a Jupyter 
Notebook that can be found in the supplemental material. The notebook contains feature classes 
for all quadrat polygons and all images (cropped to cover just the area under investigation) for 
2016, 2017 and 2018 as an ESRI file geodatabase (.gdb) which can be perused via an ArcGIS 
Pro project file (.aprx).  
NDVI calculation 
The normalized difference vegetation index (NDVI) (Rouse Jr et al. 1974) was calculated to 
evaluate its suitability for detecting and discriminating healthy and diseased soybean quadrats. 
Although several conventional and newly-modified vegetation indices based on the red-edge 
bands have been explored to evaluate crop health (Bajwa et al. 2017; Herrmann et al. 2018; 
Rumpf et al. 2010; Zheng et al. 2018), NDVI is one of the most commonly used vegetation 
indices. NDVI was calculated for all ortho scenes using the following formula: 






Random forest classification (Breiman 2001) was performed using the Scikit-learn 
(Pedregosa et al. 2011) library in Python 3.7.3 (Team 2015). Random forest is a supervised 
machine learning algorithm (requires learning from training dataset) that can perform regression 
and classification on complex and large datasets (Breiman 2001). Random forest is a robust, 
nonparametric method which builds multiple decision trees and merges them to get a more 
accurate and stable prediction. Random forest applies bootstrap aggregation (bagging) (Breiman 
1996b, a) and random feature selection (Barandiaran 1998; Ho 1995) to individual classification 
or regression trees for prediction. When the unknown datasets are passed through the trained 
decision trees, each decision tree votes on an outcome. The forest model then aggregates the 
votes from all decision trees and predicts the final class based on the largest number of votes. 
Random forest model training and prediction. Data from each ortho-scene were 
analyzed separately, beginning by splitting the data into training and test datasets (respectively, 
70% and 30% of the quadrats), followed by model training and classification of the test data. 
Model parameters included the number of trees in the forest (n_estimators), number of features 
to consider when looking for the best split (max_features), the maximum tree depth allowed 
(max_depth) and minimum number of samples required to be at a leaf node (min_sample_leaf); 
these parameters were tuned using the 5-fold cross-validation grid search method. Grid search is 
a simple strategy used to evaluate all possible combinations of given, discrete parameter spaces. 
Although random forest classifiers are far less tunable than other algorithms, such as support 
vector machines (Probst et al. 2018), a significant performance gain was achieved via tuning 
compared to the default parameter values. After obtaining the best model parameter values, the 
model was tuned, and SDS predictions were made on the test set. This procedure was repeated 
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for each ortho scene. Python code for the tuning process, performing the prediction using a tuned 
model and judging prediction quality are provided in a Jupyter Notebook (see supplemental 
material). 
To handle imbalanced classes, we specified the “balanced” class weight parameter in the 
Random Forest Classifier function of Scikit-learn (Pedregosa et al. 2011). The “balanced” 






where 𝑤𝑗 is the weight to class 𝑗, 𝑛 is the number of observations, 𝑛𝑗  is the number of 
observations in class 𝑗 and 𝑘 is the total number of classes. 
Variable importance. We measured the importance of predictor variables via 
permutation variable importance measure (Janitza et al. 2013) which is based on random 
selection and index reordering. First, trained random forest model calculates prediction accuracy 
in the out-of-bag (OOB) observations (observations from the training set which are left out of the 
bootstrap samples and not used to construct the decision trees), then it randomly shuffles values 
of a predictor variable to break the association between response and predictor values and 
recalculate the accuracy in OOB observations. Then it calculates the difference in model 
accuracy before and after shuffling (Strobl et al. 2009). If the predictor never had any meaningful 
relationship with the response, shuffling its values will produce very little change in the model 
accuracy. However, if a predictor was strongly associated with the response, permutations should 
create a significant decrease in accuracy. Permutation of variable importance evaluates the 
individual impact, including interactions, of each tree predictor in the random forest model. The 
procedure was used to evaluate all variables. 
111 
Accuracy assessment. Confusion matrices (Table 2) were constructed to assess the 
precision, specificity, sensitivity and overall accuracy (Ting 2017) of SDS predictions made 
based on data from each PS ortho scene. Precision describes the proportion of correct 
classifications for each class. Specificity explains the percentage of correctly classified healthy 
quadrats and sensitivity describes the percentage of correctly classified diseased quadrats. The 
overall accuracy is given by the proportion of correctly classified healthy and disease quadrats in 
all quadrats, which explains the ability of random forest trained models to correctly classify 
healthy and diseased quadrats. In addition, area under the receiver operating characteristic 
(AUROC) curve was computed to evaluate the overall model performance for predicting SDS in 
the unknown test set (Hanley and McNeil 1982). The receiver operating curve is a graphical plot 
that summarizes the performance of a classifier (i.e., a model) over all possible thresholds, which 
indicates the diagnostic ability of the model. This process was repeated for all ortho scenes 
collected from the three soybean growing seasons. 
Results 
Disease onset and progress 
SDS foliar symptom onset was first detected at 66 (July 27), 94 (August 17), and 92 
(August 17) days after planting (DAP) in 2016, 2017, and 2018, respectively (Figure 3). In all 
seasons, foliar SDS symptoms were first observed at reproductive soybean growth stages. 
Environmental conditions were more conducive for SDS in the 2016 growing season, with 
earlier onset of foliar symptoms and greater foliar incidence than in 2017 and 2018. SDS foliar 
symptom development started late in the cropping season in 2017 and 2018 (Figure 3). Early 
season rainfall was much higher than normal during 2018, which resulted in prolonged flooding 
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in the south end of two of the soybean plots in block 4. Due to flooding damage, data from 12 
quadrats were omitted from analysis of the 240 quadrats in the trial in 2018. 
In two of the three years, SDS incidence progressed slowly for the first two weeks after 
symptom onset and then increased suddenly (Figure 3). Foliar symptoms were first seen as slight 
chlorotic mottling on lower leaves, which was followed by rugosity and marginal cupping of 
upper canopy leaves. As foliar damage progressed, leaves developed interveinal chlorosis and 
necrosis. Severely affected plants lost leaflets prematurely, leaving petioles attached. 
Frequencies of healthy and diseased quadrats observed at the end of each soybean growing 
season are shown in Figure 4. In 2016 and 2017, 2-year soybean rotation plots had the highest 
frequencies of diseased quadrats at the end of the season (53% and 56% respectively), and fewer 
diseased quadrats in 3-year and 4-year rotation plots. At the end of the 2018 growing season, the 
percentage of quadrats classified as diseased was high in all rotation treatments (Figure 4).  
SDS detection 
Predictive importance of input variables. At first, the random forest model was trained 
and validated using spectral bands, i.e., R, G, B, and NIR. Model performance was summarized 
using data from all images. Model performance was re-assessed after including NDVI and crop 
rotation information. The model performed well using the four spectral bands (results not 
shown), but model performance improved further after including NDVI and crop rotation 
information in model training. The final model version was trained using all six variables.  
The relative predictive importance of all explanatory variables included in the model for 
detecting healthy and diseased soybean quadrats is shown in Figure 5. Crop rotation information 
was important for discriminating between diseased and healthy soybean quadrats in the 2016 and 
2017 growing seasons, but less important in 2018, due to similar frequencies of diseased and 
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healthy quadrats in the three rotation treatments (Figure 4). All explanatory features were tested 
in different combinations for detecting SDS. However, models trained using all features 
produced optimal accuracy and AUROC (comparisons not shown).  
Precision. Random forest-trained models classified diseased soybean quadrats with high 
precision, i.e., > 0.77, in all ortho scenes collected in the three soybean growing seasons (Figure 
6). Diseased quadrats were consistently classified in all years, with an overall precision of 0.77-
0.97 (Table 3). 
Sensitivity and Specificity. Random forest-trained models provided consistent, high 
classification specificity (0.58 - 0.96) and sensitivity (0.70 – 0.98) in all soybean growing 
seasons (Table 3). In a majority of ortho-scenes, sensitivity of SDS detection was higher than the 
specificity (Figure 6). These statistics explain that the diseased quadrats were more accurately 
classified than the healthy quadrats in the majority of the ortho scenes. However, in some scenes, 
sensitivity remained lower than specificity (Figure 6), which means that healthy quadrats were 
more accurately classified than diseased quadrats in those ortho scenes. 
Classification accuracy. Quadrat health status (healthy or diseased) was classified 
correctly in at least 74% of the quadrats on all dates (Table 3) during the 3-year study period. 
Classification accuracy for individual dates ranged from 74 to 90%. High classification accuracy 
was achieved using data from ortho scenes that were collected before foliar symptoms were 
visible (Figure 6). The results slightly varied over the years but overall remained consistent over 
the season (Figure 6). 
Area under receiver operating characteristic curve. Overall, AUROC values ranged 
from 0.70 to 0.94 (Table 3). High AUROC values were obtained using satellite images even 
from the first week of July in 2017 and 2018 growing seasons, before the onset of visible SDS 
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foliar symptoms (Figure 7A). In 2016 and 2017, AUROC values for quadrat disease 
classification were consistently high, i.e., > 80% (Figure 7B). In 2018, AUROC values were 
lowest for classification of data obtained between July 16 – August 8, before the onset of visible 
symptoms, but AUROC values for the 2018 growing season ranged from 0.70 – 0.89 (Table 3). 
Discussion 
Remote sensing holds the potential to detect stress-triggered changes in the pattern of 
light emission from plant canopies (Chaerle and Van Der Straeten 2000). Our findings suggest 
that soybean SDS can be accurately detected before the development of foliar symptoms in 
soybean fields using high-resolution satellite imagery (Figure 6), and that prediction accuracy 
improves when known site-specific factors are utilized in the model.  
Both healthy and diseased soybean quadrats were classified with > 77% precision based 
on PlanetScope 3-m-resolution images collected from 2016 through 2018. These results indicate 
that random-forest-trained models predicted either diseased or healthy soybean quadrats 
correctly more than 77% of the time.  
Overall, SDS classification sensitivity was higher than specificity, which indicates that a 
higher proportion of diseased soybean quadrats were accurately classified than the healthy 
quadrats. Zwiggelaar (1998) stated that alteration in leaf pigment content results in changes in 
optical spectra, such as the decrease in canopy reflectance in the near-infrared band and an 
increase of reflectance in the red band (Jacquemoud and Ustin 2001). Both the red and NIR 
bands in the light spectrum respond to changes in chlorophyll pigment. These two bands are also 
highly sensitive to changes in leaf water stress (Nilsson 1995) and total green leaf area (Mulla 
2013). Reduced green leaf area may be present due to reduced plant growth in mid-season and/or 
early defoliation at the end of the season.  
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SDS causes foliar symptoms of chlorosis and necrosis. Canopy damage is the result of 
disease-induced changes in physiological functions, leaf pigments (Sankaran et al. 2010), 
chlorophyll content, and biomass (Bajwa et al. 2017). Leaf chlorophyll level is inversely related 
to spectral reflectance in the blue and red wavebands of visible light, and is dependent on the 
interactions between plant tissues and absorbed light (Lillesand et al. 2014). SDS-infected plants 
tend to show early chlorophyll deterioration (Bajwa et al. 2017), resulting in spectral responses 
that increase reflectance in the blue and red bands while decreases reflectance in the Green and 
NIR regions. In exploratory data analysis, we saw diseased soybean quadrats had high 
reflectance in the visible light bands (RGB) and low reflectance in the NIR band. However, 
healthy soybean quadrats showed less reflectance in the visible light bands and high reflectance 
in the NIR band. These patterns became more evident for disease ratings near the end of the 
season, when SDS foliar symptom onset and incidence increased and loss of leaf biomass and 
green pigment were readily observed. When plant diseases such as SDS produce necrotic or 
chlorotic symptoms on leaves, diseased plants show an overall increase in reflectance in the 
visible region, especially in the red band (Bajwa et al. 2017; Herrmann et al. 2018), and 
simultaneously decreased reflectance in the green and NIR regions because of reduction in 
chlorophyll content.  
Early detection of plant diseases through remote sensing can be difficult when foliar 
symptoms are mild (Bajwa et al. 2017) because multiple factors can contribute to the biophysical 
and chemical changes that are associated with plant disease (Hatfield et al. 2008). Plants with 
severe foliar symptoms differ significantly in canopy color from healthy or slightly infected 
plants (Mee et al. 2017). Thus, plants with highly visible symptoms can be more accurately 
detected than plants with mild symptoms (Sankaran et al. 2010). Despite the low level of 
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incidence and foliar symptoms in the 2017 and 2018 growing seasons, random forest algorithm 
detected diseased quadrats with high accuracy even when plants were at vegetative growth 
stages.  
In all three years, SDS-symptomatic soybean quadrats were classified correctly with 70% 
or better classification accuracy (Table 3). Moreover, in 2016 and 2017, diseased and healthy 
soybean quadrats were detected with more than 80% AUROC, indicating that random forest 
trained models detected SDS with good discriminative ability even before foliar symptom 
development. An AUROC value of 1.0 represents perfect classification, whereas an AUROC 
value of 0.5 indicates the probabilities of making correct or incorrect classifications are equal 
and could occur by chance. High AUROC values in our study indicate good detection ability of 
random forest trained models for SDS in soybean plots.  
ROC curves are useful tools for measuring classifiers’ accuracy in binary-class problems 
such as ours (Ben-David 2008). In 2018, AUROC values decreased for satellite images obtained 
between July 16 and August 8 and improved in subsequent images. Foliar damage caused by 
application of post-emergent herbicides (lactofen at 8oz/ac and glyphosate at 32oz/ac) applied on 
July 11, 2018, at soybean growth stage R1-R2, likely altered soybean canopy reflectance during 
this period. Plant stress and foliar tissue damage were observed after the spray, and we postulate 
that this could have interfered with SDS detection in images collected during that time period. 
Despite these facts, the overall AUROC values ranged from 0.70 – 0.89, demonstrating the 
random forest models’ ability to detect SDS with reasonable accuracy.  
Random forest algorithms evaluate the predictive importance of input features used to 
train the model for prediction (Breiman 2001) which can be useful in feature selection for future 
studies. Randomization and aggregating votes make random forest highly robust to over-fitting 
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of the model by reducing the effect of noise, resulting in more accurate results (Breiman 2001). 
We tested all features in different combinations for SDS detection and found high and consistent 
accuracy and AUROC values when all features were used to train the models. We retained a high 
proportion of features during the training steps (e.g., max_features = 4 or 5). In 2016 and 2017, 
the predictive importance of crop rotation exceeded that of the individual spectral features. 
However, in 2018, red, NIR, and NDVI spectral data were more important for SDS detection.  
A recent study conducted at the same site suggests that the long-term, diversified crop 
rotation systems have a significant effect on SDS foliar severity and incidence (Leandro et al. 
2018). Because rotation-specific differences in SDS incidence have been documented since 
2010, we included rotation information in the SDS detection model along with remote sensing 
variables. The importance of crop rotation information for SDS detection in our study suggests 
that features specific to a study site (e.g., prior knowledge of disease occurrence and intensity, 
landscape features, environmental inputs, or cultivar susceptibility) may be as important as 
spectral features and should be considered in data analysis and when developing predictive 
models. Random forest algorithm can incorporate a large number of distinct inputs (Breiman 
2001) to improve classification accuracy.  
Recently, Bajwa et al. (2017) conducted a study to detect and discriminate SDS and 
soybean cyst nematode (SCN) diseases using leaf-scale canopy reflectance. Their model, which 
was based on linear discriminant analysis (LDA), detected individual diseased plants with 58% 
accuracy (Izenman 2013). Using random forest analysis, we achieved 74% - 90% detection 
accuracy in large quadrats, even before foliar symptom onset. In another study, Herrmann et al. 
(2018) detected SDS before visual symptom onset with a classification accuracy of 88% and 
91% from canopy and leaf-scale reflectance spectra, respectively. These classification accuracies 
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were achieved for observations made after mid-July. In comparison, we observed similar or 
higher levels of SDS detection accuracy for the first week of July in the 2017 and 2018 cropping 
seasons. Our study differed from that of Herrmann et al. (2018) in that they were discriminating 
between artificially-inoculated and non-inoculated plots, with unknown levels of naturally-
occurring inoculum, whereas we assessed naturally-infested plots and classified “true” disease 
status at the end of the growing season. In another microplot study, Hatton et al. (2018) used 
thermal infrared sensors mounted on an unmanned aerial vehicle to assess SDS development in 
soybean plots. They conducted flights once foliar symptom development started and found a 
strong correlation between canopy temperatures and SDS symptom development at the end of 
the growing season. However, they did not address the early detection of SDS before foliar 
symptom onset.  
Although we obtained high classification accuracies, our study has limitations that need 
to be examined in future research. First, we collected data over three years, but at only one 
location that had a documented disease history. Rotation treatments are important predictors at 
this site, where we have multiple years of data with demonstrated differences in SDS disease 
intensity in the rotation treatments. In many field situations, SDS risk may not be associated with 
known scouting locations or easily described by site variables. It is not known whether a model 
trained on data from prior years or different fields will be useful for predicting disease in fields 
with unknown or poorly described prior disease histories. Additional studies are needed to test if 
a model trained in one site can detect SDS in other fields.  
Another limitation is that we tested only one sampling design for our study, and it is 
highly likely that sampling strategies can be optimized. We utilized relatively small ground truth 
areas to classify disease status and much larger areas for satellite image samples. Estimation of 
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disease status in large areas using scouting data may be improved by estimating disease at 
multiple points within an area of interest, or by utilizing data from areas with a range of disease 
intensities. Evaluation of sampling designs should be conducted using multiple sites and years, 
with data collected at both small and large spatial scales. 
In our study, healthy and diseased quadrats were classified without spatial information. In 
order to be able to use these models in precision agriculture settings, data should be spatially 
analyzed. Besides, relative permutation variable importance may identify the most important 
inputs in datasets when large numbers of input variables are used. In our study, permutation 
importance did not facilitate simplification of the input datasets. Alternative analytical tools 
(stepwise regression, multivariate analysis, etc.) may provide more insight for identifying key 
input variables in data sets with a relatively small number of inputs.  
Despite the limitations stated above, our study demonstrates the potential of high-
resolution satellite imagery for early detection of SDS using a data-driven algorithm that can 
automate disease detection functions. Early detection of SDS can be used by industry to develop 
novel, sustainable and environment-friendly means to mitigate disease at early stages. This 
technology may meet practical demands for detection of SDS at a regional scale to inform field 
management applications and crop insurance decisions. Satellite-based detection of plant disease 
via random forest classification should be applicable for other pathosystems that require early 
detection for effective management, although the approach needs to be investigated in situations 
where more than one disease occurs in the field. Future studies to examine early detection of 
SDS at the regional scale should consider including multiple large-scale sites and other non-
spectral features that influence SDS occurrence, such as environment (Leandro et al. 2013), soil 
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type, terrain features, distance to flowlines (Yang et al. 2016) and crop rotation (Leandro et al. 
2018). Including more data will improve SDS prediction and accuracy at the regional scale. 
Acknowledgments 
We thank Renan Kobayashi-Leonel and Joshua Budi from the Dept. Plant Pathology and 
Microbiology, at Iowa State University, for their help in data collection, and Matthew Woods 
from the Dept. of Agronomy for help in trial maintenance and other farm operations. We also 
thank Dan Nettleton and Philip Dixon from the Dept. of Statistics, at Iowa State University for 
providing valuable guidance regarding data analysis, and Sharon Eggenberger from the Dept. 
Plant Pathology and Microbiology for her valuable comments and feedback on a draft of this 
manuscript. 
References 
Allen, T. W., Bradley, C. A., Sisson, A. J., Byamukama, E., Chilvers, M. I., Coker, C. M., 
Collins, A. A., Damicone, J. P., Dorrance, A. E., and Dufault, N. S. 2017. Soybean yield 
loss estimates due to diseases in the United States and Ontario, Canada, from 2010 to 
2014. Plant Health Prog 18:19-27. 
Aoki, T., O'Donnell, K., Homma, Y., and Lattanzi, A. R. 2003. Sudden-death syndrome of 
soybean is caused by two morphologically and phylogenetically distinct species within 
the Fusarium solani species complex—F. virguliforme in North America and F. 
tucumaniae in South America. Mycologia 95:660-684. 
Bajwa, S. G., Rupe, J. C., and Mason, J. 2017. Soybean disease monitoring with leaf reflectance. 
Remote Sens 9:127. 
Bandara, A. Y., Weerasooriya, D. K., Bradley, C. A., Allen, T. W., and Esker, P. D. 2019. 
Dissecting the economic impact of soybean diseases in the United States over two 
decades. bioRxiv X:XXXX. 
Barandiaran, I. 1998. The random subspace method for constructing decision forests. IEEE T 
Pattern Anal 20:832–844. 
Barton, C. V. M. 2012. Advances in remote sensing of plant stress. Plant Soil 354:41-44. 
121 
Ben-David, A. 2008. About the relationship between ROC curves and Cohen's kappa. 
Engineering Applications of Artificial Intelligence 21:874-882. 
Breiman, L. 1996a. Heuristics of instability and stabilization in model selection. Ann Stat 
24:2350-2383. 
Breiman, L. 1996b. Bagging predictors. Mach Learn 24:123-140. 
Breiman, L. 2001. Random forests. Mach Learn 45:5-32. 
Chaerle, L., and Van Der Straeten, D. 2000. Imaging techniques and the early detection of plant 
stress. Trends Plant Sci 5:495-501. 
Davis, A. S., Hill, J. D., Chase, C. A., Johanns, A. M., and Liebman, M. 2012. Increasing 
cropping system diversity balances productivity, profitability and environmental health. 
PLOS One 7:e47149. 
Dietterich, T. G. 2000. An experimental comparison of three methods for constructing ensembles 
of decision trees: Bagging, boosting, and randomization. Mach Learn 40:139-157. 
Gao, X., Hartman, G., and Niblack, T. 2006. Early infection of soybean roots by Fusarium solani 
f. sp. glycines. Phytopathology 96:S38. 
Gómez, R., Liebman, M., Sundberg, D. N., and Chase, C. A. 2013. Comparison of crop 
management strategies involving crop genotype and weed management practices in 
conventional and more diverse cropping systems. Renew Agr Food Syst 28:220-233. 
Gongora-Canul, C. C., and Leandro, L. F. S. 2011. Effect of soil temperature and plant age at 
time of inoculation on progress of root rot and foliar symptoms of soybean sudden death 
syndrome. Plant Dis 95:436-440. 
Hanley, J. A., and McNeil, B. J. 1982. The meaning and use of the area under a receiver 
operating characteristic (ROC) curve. Radiology 143:29-36. 
Hartman, G. L., Leandro, L. F., and Rupe, J. C. 2015. Sudden death syndrome. Pages 88-90 in: 
Compendium of Soybean Diseases and Pests. G. L. Hartman, J. C. Rupe, E. J. Sikora, L. 
L. Domier, J. A. Davis and K. L. Steffey, eds. American Phytopathological Society, St. 
Paul, MN, USA. 
Hatfield, J. L., Gitelson, A. A., Schepers, J. S., and Walthall, C. L. 2008. Application of spectral 
remote sensing for agronomic decisions. Agron J 100:117-131. 
Hatton, N., Sharda, A., Schapaugh, W., and Van der Merwe, D. 2018. Remote thermal infrared 
imaging for rapid screening of sudden death syndrome in soybean. in: 2018 ASABE 
Annual International Meeting American Society of Agricultural and Biological 
Engineers, Detroit, MI, USA. 
122 
Herrmann, I., Vosberg, S. K., Ravindran, P., Singh, A., Chang, H.-X., Chilvers, M. I., Conley, S. 
P., and Townsend, P. A. 2018. Leaf and canopy level detection of Fusarium virguliforme 
(sudden death syndrome) in soybean. Remote Sens 10:426. 
Ho, T. K. 1995. Random decision forests. Pages 278-282 in: 3rd International Conference on 
Document Analysis and Recognition IEEE, Montreal, QC, Canada. 
Izenman, A. J. 2013. Linear Discriminant Analysis. Pages 237-280 in: Modern Multivariate 
Statistical Techniques. G. Casella, S. Fienberg and I. Olkin, eds. Springer, NY, USA. 
Jacquemoud, S., and Ustin, S. L. 2001. Leaf optical properties: A state of the art. Pages 223-332 
in: 8th International Symposium of Physical Measurements & Signatures in Remote 
Sensing, Aussois, France. 
Janitza, S., Strobl, C., and Boulesteix, A.-L. 2013. An AUC-based permutation variable 
importance measure for random forests. BMC Bioinformatics 14:119. 
Kalischuk, M., Paret, M. L., Freeman, J. H., Raj, D., Da Silva, S., Eubanks, S., Wiggins, D. J., 
Lollar, M., Marois, J. J., and Mellinger, H. C. 2019. An Improved Crop Scouting 
Technique Incorporating Unmanned Aerial Vehicle–Assisted Multispectral Crop Imaging 
into Conventional Scouting Practice for Gummy Stem Blight in Watermelon. Plant Dis 
103:1642-1650. 
Leandro, L. F. S., Robertson, A. E., Mueller, D. S., and Yang, X.-B. 2013. Climatic and 
environmental trends observed during epidemic and non-epidemic years of soybean 
sudden death syndrome in Iowa. Plant Health Prog 14:18. 
Leandro, L. F. S., Eggenberger, S., Chen, C., Williams, J., Beattie, G. A., and Liebman, M. 2018. 
Cropping system diversification reduces severity and incidence of soybean sudden death 
syndrome caused by Fusarium virguliforme. Plant Dis 102:1748-1758. 
Liebman, M., Gibson, L. R., Sundberg, D. N., Heggenstaller, A. H., Westerman, P. R., Chase, C. 
A., Hartzler, R. G., Menalled, F. D., Davis, A. S., and Dixon, P. M. 2008. Agronomic and 
economic performance characteristics of conventional and low-external-input cropping 
systems in the central Corn Belt. Agron J 100:600-610. 
Lillesand, T., Kiefer, R. W., and Chipman, J. 2014. Remote sensing and image interpretation. 7th 
ed. Wiley, NY, USA. 
Liu, Y., Gong, W., Hu, X., and Gong, J. 2018. Forest type identification with random forest 
using Sentinel-1A, Sentinel-2A, multi-temporal Landsat-8 and DEM data. Remote Sens 
10:946. 
Madden, L. V., Hughes, G., and Van den Bosch, F. 2007. The study of plant disease epidemics. 
American Phytopathological Society Press, St. Paul, Minnesota. 
123 
Mahdianpari, M., Salehi, B., Mohammadimanesh, F., and Motagh, M. 2017. Random forest 
wetland classification using ALOS-2 L-band, RADARSAT-2 C-band, and TerraSAR-X 
imagery. ISPRS J Photogramm 130:13-31. 
Mahlein, A.-K. 2016. Plant disease detection by imaging sensors–parallels and specific demands 
for precision agriculture and plant phenotyping. Plant Dis 100:241-251. 
Martinelli, F., Scalenghe, R., Davino, S., Panno, S., Scuderi, G., Ruisi, P., Villa, P., Stroppiana, 
D., Boschetti, M., and Goulart, L. R. 2015. Advanced methods of plant disease detection. 
A review. Agron Sustain Dev 35:1-25. 
Mee, C. Y., Balasundram, S. K., and Hanif, A. H. M. 2017. Detecting and monitoring plant 
nutrient stress using remote sensing approaches: A review. Asian J Plant Sci 16:1-8. 
Melville, B., Lucieer, A., and Aryal, J. 2018. Object-based random forest classification of 
Landsat ETM+ and WorldView-2 satellite imagery for mapping lowland native grassland 
communities in Tasmania, Australia. Int J Appl Earth Obs 66:46-55. 
Mohanty, S. P., Hughes, D. P., and Salathé, M. 2016. Using deep learning for image-based plant 
disease detection. Frontiers in Plant Science 7:1419. 
Mulla, D. J. 2013. Twenty five years of remote sensing in precision agriculture: Key advances 
and remaining knowledge gaps. Biosyst Eng 114:358-371. 
Navi, S. S., and Yang, X. B. 2008. Foliar symptom expression in association with early infection 
and xylem colonization by Fusarium virguliforme (formerly F. solani f. sp. glycines), the 
causal agent of soybean sudden death syndrome. Plant Health Prog 9:24. 
Navi, S. S., and Yang, X. B. 2016. Sudden death syndrome - A growing threat of losses in 
soybeans. CAB Rev 11:1-13. 
Nilsson, H.-E. 1995. Remote sensing and image analysis in plant pathology. Can J Plant Pathol 
17:154-166. 
Nutter Jr, F. W., Teng, P. S., and Shokes, F. M. 1991. Disease assessment terms and concepts. 
Plant Dis 75:1187-1188. 
Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., Blondel, M., 
Prettenhofer, P., Weiss, R., and Dubourg, V. 2011. Scikit-learn: Machine learning in 
Python. J Mach Learn Res 12:2825-2830. 
Pelletier, C., Valero, S., Inglada, J., Champion, N., and Dedieu, G. 2016. Assessing the 
robustness of Random Forests to map land cover with high resolution satellite image time 
series over large areas. Remote Sens Environ 187:156-168. 
Probst, P., Bischl, B., and Boulesteix, A.-L. 2018. Tunability: Importance of hyperparameters of 
machine learning algorithms. arXiv preprint arXiv:1802.09596. 
124 
Rahman, H. U., Ch, N. J., Manzoor, S., Najeeb, F., Siddique, M. Y., and Khan, R. A. 2017. A 
comparative analysis of machine learning approaches for plant disease identification. 
Advanc Lif Sci 4:120-126. 
Rouse Jr, J. W., Haas, R. H., Schell, J. A., and Deering, D. W. 1974. Monitoring vegetation 
systems in the Great Plains with ERTS. In: NASA Special Publication 1. 
Roy, K. W., Rupe, J. C., Hershman, D. E., and Abney, T. S. 1997. Sudden death syndrome of 
soybean. Plant Dis 81:1100-1111. 
Rumpf, T., Mahlein, A. K., Steiner, U., Oerke, E.-C., Dehne, H. W., and Plümer, L. 2010. Early 
detection and classification of plant diseases with Support Vector Machines based on 
hyperspectral reflectance. Comput Electron Agr 74:91-99. 
Rupe, J. C., and Gbur, E. E. 1995. Effect of plant age, maturity group, and the environment on 
disease progress of sudden death syndrome of soybean. Plant Dis 79:139-143. 
Sankaran, S., Mishra, A., Ehsani, R., and Davis, C. 2010. A review of advanced techniques for 
detecting plant diseases. Comput Electron Agr 72:1-13. 
Scherm, H., and Yang, X. B. 1996. Development of sudden death syndrome of soybean in 
relation to soil temperature and soil water matric potential. Phytopathology 86:642-649. 
Strobl, C., Malley, J., and Tutz, G. 2009. An introduction to recursive partitioning: rationale, 
application, and characteristics of classification and regression trees, bagging, and 
random forests. Psychol Methods 14:323. 
Team, P. C. 2015. Python: A dynamic, open source programming language. Python Software 
Foundation 78. 
Thenkabail, P. S., Smith, R. B., and De Pauw, E. 2000. Hyperspectral vegetation indices and 
their relationships with agricultural crop characteristics. Remote Sens Environ 71:158-
182. 
Tian, S., Zhang, X., Tian, J., and Sun, Q. 2016. Random forest classification of wetland 
landcovers from multi-sensor data in the arid region of Xinjiang, China. Remote Sens 
8:954. 
Ting, K. M. 2017. Confusion Matrix. Pages 260-260 in: Encyclopedia of Machine Learning and 
Data Mining. C. Sammut and G. I. Webb, eds. Springer US, NY, USA. 
Toms, S. 2015. ArcPy and ArcGIS–Geospatial Analysis with Python. Packt Publishing Ltd, 
Birmingham, UK. 
Wang, X., Zhang, M., Zhu, J., and Geng, S. 2008. Spectral prediction of Phytophthora infestans 
infection on tomatoes using artificial neural network (ANN). Int J Remote Sens 29:1693-
1706. 
125 
West, J. S., Bravo, C., Oberti, R., Lemaire, D., Moshou, D., and McCartney, H. A. 2003. The 
potential of optical canopy measurement for targeted control of field crop diseases. Annu 
Rev Phytopathol 41:593-614. 
Wrather, A., Shannon, G., Balardin, R., Carregal, L., Escobar, R., Gupta, G. K., Ma, Z., Morel, 
W., Ploper, D., and Tenuta, A. 2010. Effect of diseases on soybean yield in the top eight 
producing countries in 2006. Plant Health Prog 10. 
Yang, S., Li, X., Chen, C., Kyveryga, P., and Yang, X. B. 2016. Assessing field-specific risk of 
soybean sudden death syndrome using satellite imagery in Iowa. Phytopathology 
106:842-853. 
Yuan, L., Pu, R., Zhang, J., Wang, J., and Yang, H. 2016. Using high spatial resolution satellite 
imagery for mapping powdery mildew at a regional scale. Precis Agric 17:332-348. 
Yuan, L., Zhang, J., Shi, Y., Nie, C., Wei, L., and Wang, J. 2014. Damage mapping of powdery 
mildew in winter wheat with high-resolution satellite image. Remote Sens 6:3611-3623. 
Zheng, Q., Huang, W., Cui, X., Shi, Y., and Liu, L. 2018. New spectral index for detecting wheat 
yellow rust using Sentinel-2 multispectral imagery. Sensors 18:868. 
Zwiggelaar, R. 1998. A review of spectral properties of plants and their potential use for 

























Table 1. Description of spectral bands of PlanetScope satellite ortho scenes used in this study. 
PlanetScope band Spectrum region Wavelength (nm) Spatial resolution 
Band_1 Blue 455 – 515 
3 meters 
Band_2 Green 500 – 590 
Band_3 Red 590 – 670 
Band_4 NIR 780 – 860 
 
Table 2. Example of a confusion matrix, based on data for an ortho scene collected on July 3, 
2017, computed to evaluate the performance of random forest trained models in detecting 
healthy and sudden death syndrome infected soybean quadrats. Disease “negative” and 
“positive” classes refer to quadrats that are healthy or diseased, respectively. 
Parameters 





True negatives  
(30) 



















Table 3. Classification precision, specificity, sensitivity, overall accuracy and area under 
receiver operating characteristic curve (AUROC) achieved in classifying healthy and SDS-
infected soybean quadrats. This table describes the range, i.e., the minimum and maximum 
values obtained for these parameters in all years. 
Year Precision Specificity Sensitivity Accuracy AUROC 
2016 0.83 - 0.97 0.67 - 0.96 0.75 - 0.83 0.76 - 0.82 0.81 - 0.90 
2017 0.83 - 0.91 0.80 - 0.91 0.81 - 0.95 0.83 - 0.90 0.87 - 0.94 










Figure 1. Workflow of the automated data processing and analysis steps employed to perform forest-based classification. This 












Figure 2. Overview of Marsden Farm (the study site), located in central Iowa in Boone County, in 2016. The randomized complete 
block design had four blocks with 9 main plots, which were subdivided into two subplots. Main plots were planted to soybeans in 2-
year, 3-year, and 4-year crop rotations (respectively) in 2016. Other plots were planted to corn, alfalfa, oat, and red clover. Soybean 




Figure 3. Progress of soybean sudden death syndrome foliar disease incidence (%) over time in 
the 2016, 2017, and 2018 soybean growing seasons at Marsden Farm. Each dot represents the 
mean percentage of quadrats classified as diseased (i.e., quadrats where > 5% of the plants had 


































Figure 4. Frequencies of healthy and diseased quadrats in 2, 3 and 4-year soybean rotation plots 
at the end of the 2016 to 2018 soybean growing seasons. Quadrats with no foliar SDS symptoms 
and less than 5% foliar incidence were classified as healthy quadrats, and quadrats with foliar 
symptoms on more than 5% of the plants at the end of the season were classified as diseased 

































































Figure 5. Distribution of predictive importance of features (R, G, B, and NIR image data from PlanetScope ortho scenes; NDVI; and 
crop rotation information) used to detect healthy and SDS infected soybean quadrats in 2016, 2017 and 2018 crop growing seasons
2016 2017 2018
























Figure 6. Classification precision (proportion of classified diseased quadrats that were actually 
correct), specificity (percentage of correctly classified healthy quadrats), sensitivity (percentage of 
correctly classified diseased quadrats) and accuracy (proportion of observations classified 
correctly) achieved by random forest trained models for SDS detection in soybean quadrats in 
2016 through 2018. In all growing seasons, the random forest method detected SDS-infected 












































































































Figure 7. (A) Examples of receiver operating characteristic (ROC) plots for classification of 
SDS - infected soybean quadrats based on reflectance data from satellite images obtained in 2016 
(July 20), 2017 (July 3) and 2018 (July 2). Values after colons indicate AUROC values. (B) 
AUROC values achieved by random forest trained models used to detect healthy and SDS 












































CHAPTER 5.     
GENERAL CONCLUSIONS 
This dissertation focuses on three key epidemiological aspects of the impact of sudden 
death syndrome (SDS) on soybean yield: the quantification of soybean yield losses due to SDS at 
different spatial scales, modeling the impact of SDS foliar symptom onset time on disease 
intensity and soybean yield, and SDS detection based on high-resolution satellite images. The 
long-term benefit of this research will be its application in disease management decisions by 
growers. This research also provides a basis for conducting field experiments, evaluating 
different management options and developing new resistant varieties against SDS. 
Yield loss information is vital for supporting grower decisions when the efficient 
allocation of optimal and cost-effective disease management tactics is the aim. However, 
soybean yield losses due to SDS are not well studied and researchers have limited understanding 
of the relationships between disease, pathogen population and soybean yield. We monitored 
individual soybean plants and quadrats in different counties of Iowa to quantify these 
relationships. Our results demonstrate that SDS (foliar severity and root rot) has a negative 
relationship with soybean yield in both individual plants and quadrats. However, the strength of 
the relationship varies across different environments and cropping seasons. In individual plants, 
pathogen population in roots and soil had inconsistent relationships with disease and yield; 
however, in quadrats, pathogen population in soil has positive relationship with foliar intensity of 
SDS. These findings may be useful in developing predictive models for SDS risk and soybean 
yield losses, but research scale needs to be considered when interpreting the results.  
Previous studies reported that soybean yield loss depends on the time of disease onset. 
However, no quantitative information was available about the relationship between soybean 
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growth stage at the time of disease onset, disease intensity, and yield. We monitored the time of 
SDS onset and yield in individual soybean plants and quadrats to quantify these relationships. 
Our results showed that SDS onset time has a strong negative relationship with final disease 
intensity. In addition, the rate of change in final disease intensity relative to onset time was 
consistent across research sites, suggesting that final disease intensity can be predicted across 
different sites using a common slope function. In the case of yield, SDS onset time was found to 
be strong positively related to soybean yield and yield components, indicating that delayed 
development of foliar symptoms results in reduced yield loss. By using this information, growers 
can anticipate future disease pressure and resultant yield losses in their fields, and decide 
whether to apply management strategies considering the return on investment. Future studies 
should be conducted in different environments to evaluate the ability of different management 
options to delay foliar symptom onset. In the long-term, we envision the development of an 
automated yield loss predictive system based on time of SDS foliar symptom onset information, 
along with other site-specific factors, that can help growers estimate their farm profit in real-
time.  
Effective management of SDS requires regular scouting, which is difficult, time-
consuming and expensive. Therefore, an efficient alternative method is needed to monitor SDS 
in grower's fields. We explored the potential of high resolution multispectral (red, blue, green 
and NIR) satellite imagery, along with calculated NDVI and site-specific crop rotation 
information, for early and accurate detection of SDS. Healthy and diseased soybean quadrats 
were detected with high accuracy, suggesting that high-resolution satellite imagery has the 
potential to be used for early and accurate detection of SDS in soybean fields. There is a vast 
resource of available current and past, high-resolution, multispectral imagery, such as that 
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provided by Planet Labs. Future studies should consider this information resource, along with 
ground-based site-specific factors, and evaluate this technology at the regional scale for early 
detection of economically important diseases. The large-scale monitoring of plant diseases can 
facilitate effective policymaking, support decision making, and guide recommendations for 
sustainable and efficient allocation of management resources in precision agriculture systems. 
Research presented in this dissertation is the first to investigate relationships between 
different components of SDS and soybean yield at different spatial levels, as well as the impact 
of time of SDS onset on disease intensity and yield loss, and the potential of satellite imagery for 
SDS detection. Future work must be conducted in multiple locations to obtain more information 
that can be used in developing disease and yield loss predictive models to support grower 








APPENDIX A.    SUPPLEMENTARY TABLES AND FIGURES FOR CHAPTER 2 
Table A1: Comparison of slopes of the relationships between soybean yield components and foliar SDS severity (AUDPC) at 
different locations. All yield components were equally affected by foliar SDS severity as their slopes were statistically not different. 
Contrast 
Boone Hamilton Webster Hinds 
Estimate P-value Estimate P-value Estimate P-value Estimate P-value 
Seeds - Seed weight 1.72 x 10-06 0.9997 2.94 x 10-05 0.9431 -3.47 x 10-05 0.9785 1.12 x 10-05 0.9364 
Seeds - Pods 6.21 x 10-07 1.0000 -1.09 x 10-05 0.9920 2.00 x 10-05 0.9928 4.68 x 10-06 0.9885 
Seed weight - Pods -1.10 x 10-06 0.9999 -4.03 x 10-05 0.8958 5.47 x 10-05 0.9475 -6.49 x 10-06 0.9780 
 
 
Table A2: Regression statistics and model parameters for relationship between Fv population in soil and soybean yield at Marsden 
Farm in 2017 and 2018. This relationship was not significant.  
Yield Fv population in 
soil 
R2 Intercept Slope SEEy 
Marsden Farm 2017 0.16 102.71 -10.88 8.07 








Figure A11: Relationship between foliar SDS severity (AUDPC), root rot, root mass and pathogen population in roots and soil at 
different locations.  
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Figure A12: Relationship between root rot, root mass and pathogen population in roots and soil at different locations. 
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Figure A13: Relationship between number of pods per plant, foliar SDS severity (AUDPC), root rot, root mass and pathogen 
population in roots and soil at different locations. 
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Figure A14: Relationship between number of soybean seeds per plant, foliar SDS severity (AUDPC), root rot, root mass and pathogen 
population in roots and soil at different locations. 
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Figure A15: Relationship between soybean seed weight per plant, foliar SDS severity (AUDPC), root rot, root mass and pathogen 
population in roots and soil at different locations. 
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Figure A16: Scatter plots of the relationship between foliar SDS severity and standardized data of soybean yield components at 
different locations. All yield components were equally affected by foliar SDS severity as the slopes for each yield component were not 
different at any location. 
β1 = Number of pods/plant
β2 = Number of seeds/plant
β3 = Seed weight/plantWebster Hinds
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Figure A17: Relationship between foliar SDS severity (AUDPC) and pathogen population in soil in soybean quadrats at Marsden 
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Figure A18: Relationship between soybean yield (kilogram per hectare) and foliar SDS severity 
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Figure A19: Relationship between soybean yield (kilogram per hectare) and pathogen population in soil in soybean quadrats at 
Marsden Farm in 2017 and 2018 cropping seasons. 
2017 2018






















APPENDIX B.    SUPPLEMENTARY TABLES AND FIGURES FOR CHAPTER 3 
Table B1: Beta regression parameter estimates of final SDS severity against time of foliar symptom onset in individual soybean plants 
tagged in commercial and experimental fields located in different counties of Iowa. 𝛾0, 𝛾1 and φ are the intercept, slope and precision 
parameters, respectively.  
Sites 
𝜸𝟎 𝜸  φ Maximized Log 
Likelihood Point a Interval b Point Interval Point Interval 
Boone 1 0.543 (0.190, 0.896) -0.047 (-0.057, -0.037) 0.126 (0.096, 0.155) -65.982 
Boone 2 1.080 (0.632, 1.529) -0.057 (-0.068, -0.045) 0.160 (0.123, 0.198) -61.225 
Hamilton 1 -1.127 (-1.474, -0.780) -0.034 (-0.047, -0.022) 0.101 (0.070, 0.131) -94.865 
Hamilton 2 -1.878 (-2.055, -1.700) -0.039 (-0.048, -0.029) 0.015 (0.010, 0.019) -167.460 
Webster 1 -2.020 (-2.192, -1.847) -0.046 (-0.059, -0.032) 0.013 (0.008, 0.018) -116.492 
Webster 2 -2.102 (-2.246, -1.957) -0.046 (-0.057, -0.035) 0.010 (0.007, 0.014) -167.551 
Hinds 2.220 (1.755, 2.685) -0.063 (-0.079, -0.046) 0.293 (0.240, 0.346) -60.815 
a Estimated value of parameter 







Table B2: Likelihood ratio test statistics for the evaluation of reduced model 𝑙𝑅 (common slope but different intercept and precision 
parameter estimates for each situation) versus full model 𝑙𝐹 (different slop, intercept, and precision parameter for each situation) for 
computing the relationship between SDS foliar symptom onset time and final SDS severity in individual soybean plants. The test was 
conducted with and without dataset obtained from Hinds Farm.  
Data Model Maximized Log Likelihood 𝑻 = −𝟐(𝒍𝑹 − 𝒍𝑭) Df 𝒑 𝒗𝒂𝒍𝒖𝒆 
With Hinds Farm 𝑙𝐹 -728.153 12.475 6 0.0522 
 𝑙𝑅 -734.391    
Without Hinds Farm 𝑙𝐹 -673.576 8.156 5 0.1478 











Table B3: Beta regression parameter estimates of final SDS severity against time of foliar symptom onset in soybean quadrats in 
Marsden (2016-2018) and Hinds Farm (2018). 𝛾0, 𝛾1 and φ are the intercept, slope and precision parameters, respectively. 
Sites 
𝜸𝟎 𝜸  φ Maximized Log 
Likelihood Point a Interval b Point Interval Point Interval 
Marsden 2016 2.651 (2.315, 2.987) -0.089 (-0.100, -0.077) 0.111 (0.092, 0.130) 101.791 
Marsden 2017 -1.11 (-1.28, -0.939) -0.078 (-0.106, -0.051) 0.060 (0.042, 0.078) 75.629 
Marsden 2018 -0.238 (-0.590, 0.114) -0.097 (-0.125, -0.070) 0.122 (0.091, 0.152) 90.372 
Hinds 2018 1.868 (1.524, 2.212) -0.051 (-0.066, -0.036) 0.072 (0.049, 0.096) 46.003 
a Estimated value of parameter 











Table B4: Beta regression parameter estimates of final SDS incidence against time of foliar symptom onset in soybean quadrats in 
Marsden (2016-2018) and Hinds Farm (2018).  
Situation 
𝜸𝟎 𝜸  φ Maximized Log 
Likelihood Point a Interval b Point Interval Point Interval 
Marsden 2016 28.597 (23.944, 33.250) -0.123 (-0.142, -0.103) 0.255 (0.212, 0.299) 111.6706 
Marsden 2017 -1.824 (-2.045, -1.603) -0.089 (-0.127, -0.051) 0.065 (0.044, 0.086) 105.9253 
Marsden 2018 0.192 (-0.119, 0.503) -0.105 (-0.130, -0.080) 0.102 (0.077, 0.128) 77.3603 
Hinds 2018 2.176 (1.895, 2.456) -0.043 (-0.055, -0.030) 0.039 (0.026, 0.052) 71.0359 
a Estimated value of parameter 








Table B5: Likelihood ratio test statistics for the evaluation of reduced (𝑙𝑅) (common slope but different intercept and precision 
parameter estimates) versus full model 𝑙𝑅 (different slop parameters for each situation) for computing the relationship between SDS 
foliar symptom onset time and final SDS severity in soybean quadrats. The test was conducted with and without dataset obtained from 
Hinds Farm. 
Data Model Maximized Log Likelihood 𝑻 = −𝟐(𝒍𝑹 − 𝒍𝑭) Df 𝒑 𝒗𝒂𝒍𝒖𝒆 
With Hinds Farm 𝑙𝐹 313.795 16.284 3 0.0010 
 𝑙𝑅 305.653    
Without Hinds Farm 𝑙𝐹 267.792 0.937 2 0.6258 












Table B6: Likelihood ratio test statistics for the evaluation of reduced (𝑙𝑅) (common slope but different intercept and precision 
parameter estimates) versus full model (𝑙𝐹) (different slop parameters for each situation) for computing the relationship between SDS 
foliar symptom onset time and final SDS incidence in soybean quadrats. The test was conducted with and without dataset obtained 
from Hinds Farm. 
Data Model Maximized Log Likelihood 𝑻 = −𝟐(𝒍𝑹 − 𝒍𝑭) Df 𝒑 𝒗𝒂𝒍𝒖𝒆 
With Hinds Farm 𝑙𝐹 365.992 54.141 3 ~0 
 𝑙𝑅 338.922    
Without Hinds Farm 𝑙𝐹 294.956 2.852 2 0.2402 









Figure B1: Relationship between soybean sudden death syndrome foliar symptom onset time 
and yield gap (kg/ha) in soybean quadrats for Marsden Research Farm in 2016 (solid circle), 
2017 (solid triangle) and 2018 (asterisk cross), and the Hinds Farm in 2018 (open circle).  
 























2016: y = 4966.5 – 19.2x, R² = 89.0% 
2017: y = 6545.7 – 25.1x, R² = 91.4% 
2018: y = F-statistic not significant
Hinds: y = F-statistic not significant
